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Abstract 

This study explored the extent that low-cost Earth Observations (EO) data 

could effectively be combined with in-situ tree-level measurements to support 

national estimates of Above Ground Biomass (AGB) and Carbon (C) in 

Malawi’s Miombo Woodlands. The specific objectives were to; (i) investigate 

the effectiveness of low-cost optical UAV orthomosaics in geo-locating 

individual trees and estimating AGB and C, (ii) scale-up the AGB estimates 

using the canopy height model derived from the UAV imagery, and crown 

diameter measurements; and (iii) compare results from (ii), ALOS-PALSAR-2, 

Sentinel1, ESA CCI Biomass Map datasets, and Sentinel 2 vis/NIR/SWIR 

band combination datasets in mapping biomass. Data were acquired in 2019 

from 13 plots over Ntchisi Forest in 3-fold, vis-a-vis; (i) individual tree 

measurements from 0.1ha ground-based (gb) plots, (ii) 3-7cm pixel resolution 

optical airborne imagery from 50ha plots, and (iii) SAR backscatter and 

Vis/NIR/SWIR bands imagery. Results demonstrate a strong correlational 

relationship (R2 = 0.7, RMSE = 11tCha-1) between gb AGB and gb fractional 

cover percent (FC %), more importantly (R2 = 0.7) between gb AGB and UAV-

based FC. Similarly, another set of high correlation (R2 = 0.9, RMSE = 7tCha-

1; R2 = 0.8, RMSE = 8tCha-1; and R2 = 0.7) was observed between the gb AGB 

and EO-based AGB from; (i) ALOS-PALSAR-2, (ii) ESA-CCI-Biomass Map, 

and (iii) S1-C-band, respectively. Under the measurement conditions, these 

findings reveal that; (i) FC is more indicative of AGB and C pattern than CHM, 

(ii) the UAV can collect optical data of very high resolution (3-7cm resolution 

with ±13m horizontal geolocation error), and (iii) provides the cost-effective 

means of bridging the ground datasets to the wall-to-wall satellite EO data (£7 

ha-1 compared to £30 ha-1, per person, provided by the gb system). The overall 

better performance of the SAR backscatter (R2 = 0.7 to 0.9) establishes the 

suitability of the SAR backscatter to infer the Miombo AGB and fractional cover 

with high accuracy. However, the following factors compromised the accuracy 

for both the SAR and optical measurements; leaf-off and seasonality (fire, 

aridness), topography (steep slopes of 18-74%), and sensing angle. Inversely, 
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the weak to moderate correlation observed between the gb height and UAV 

FC % measurements (R2 = 0.4 to 0.7) are attributable to the underestimation 

systematic error that UAV height datasets are associated with. The visual 

lacunarity analysis on S2-Vis/NIR/SWIR composite band and SAR backscatter 

measurements demonstrated robust, consistent and homogenous spatial 

crown patterns exhibited particularly by the leaf-on tree canopies along riverine 

tree belts and cohorts. These results reveal the potential of vis/NIR/SWIR band 

combination in determining the effect of fire, rock outcrops and bare land/soil 

common in these woodlands. Coarsening the EO imagery to ≥50m pixel 

resolution compromised the accuracy of the estimations, hence <50m 

resolution is the ideal scale for these Miombo. Careful consideration of the 

aforementioned factors and incorporation of FC parameter in during estimation 

of AGB and C will go a long way in not only enhancing the accuracy of the 

measurements, but also in bolstering Malawi’s NFMS standards to yield 

carbon off-set payments under the global REDD+ mechanism.  
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Lay Summary 

This study investigated the extent that low-cost and unrestricted remotely 

sensed imagery data could effectively be combined with tree-level field 

measurements to support national estimates of Above Ground Biomass (AGB) 

and Carbon (C) in Malawi’s Miombo Woodlands. The purpose of this research 

was to explore the practicability of scaling-up Malawi’s National Forest 

Monitoring System (NFMS) (which relies on field plot data) using a 

combination of  low-cost optical, but fine resolution imagery acquired from a 

consumer grade drone and moderate to high quality satellite imagery, while 

trying to increase accuracy to achieve the global REDD+ mechanism 

standards and C payments. The research involved three categories of 

measurements collected over Ntchisi Forest in 2019 as follows; (i) individual 

tree measurements from 0.1ha field plots, (ii) 50 ha plot low –cost drone 

imagery and (ii) freely accessed satellite imagery from the following missions; 

ALOS-PALSAR-2, Sentinel1 and 2, and ESA-CCI-Biomass Map. Results show 

high correspondence (R2 = 0.7, RMSE = 11tCha-1) between field AGB and field 

fractional cover percent (FC %), more importantly between field AGB and 

drone-based FC % (R2 = 0.7). Another set of high associations (R2 = 0.9, 

RMSE = 7tCha-1; R2 = 0.8, RMSE = 8tCha-1; and R2 = 0.7) were detected 

between the field AGB and satellite-based AGB datasets from; (i) ALOS-

PALSAR-2, (ii) ESA CCI-Biomass map, and (iii) S1-C-band, datasets, 

respectively. These outcomes demonstrate that under the study conditions; (i) 

FC is more suggestive of AGB and C patterns than the height data (CHM) 

acquired by the drone, (ii) the drone can collect very high quality RGB data of 

3-7cm resolution with a horizontal distance error of ±13m, (iii) the drone can 

provide the economical means of linking the field measurements to the global 

satellite EO images at a cost of £7 per ha, in contrast to the £30 per ha, per 

person provided by the field plot measurement system. The overall better 

performance of the radar datasets (R2 = 0.7 to 0.9) over the optical reflectance 

imagery establishes the suitability of the former to explore the Miombo with 

high accuracy. Nevertheless, caution should be taken on the following factors 
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that affected the accuracy for both measurements; leaf-off and seasonality 

(fire, aridness), topography (steep slopes of 18-74%), and sensing angle. 

Inversely, the weak to moderate relationship observed between the field-based 

height and drone-based FC % measurements (R2 = 0.4 to 0.7) is attributable 

to the system error that drone height datasets are associated with. The visual 

analysis on Sentinel 2 measurements demonstrated robust, consistent and 

identical spatial crown patterns displayed particularly by the leaf-on tree 

canopies along riverine tree belts and cohorts. They reveal the potential of the 

Sentinel 2 satellite selected windows in defining the effect of fire, rock outcrops 

and bare land/soil common in these woodlands. Resampling the satellite 

imagery to the scale of 50m x 50m or more compromised the assessment 

accuracy. Therefore, this study deduces that a scale of less than 50m x 50m 

is ideal for the Miombo. Careful consideration of the aforementioned factors 

and incorporation of FC parameter during assessment of AGB and C will go a 

long way in not only enhancing the accuracy of the measurements, but also in 

supporting the Malawi’s NFMS standards to yield carbon off-set payments 

under the global REDD+ mechanism.  
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CHAPTER-1 

1.0 INTRODUCTION 

1.1 Motivation and Justification 

Malawi still relies on field-based measurements for estimating forest biomass and carbon 

(C), despite the increase in studies that integrate unrestricted Earth Observations (EO) 

with terrestrial measurements (Government of Malawi, 2019a). This is against the 

backdrop that ground-based measurement system alone is generally associated with a 

plethora of setbacks that range from high labour and overhead expenses, definite 

dimensional and temporal scales to compromised data accuracy, inter alia (DeFries et 

al., 2007; Kachamba et al., 2016; Kadzuwa and Missanjo, 2022a; Petrokofsky et al., 

2012). 

Forests and woodlands play an indispensable role in the global C cycle through balancing 

CO2 concentrations via photosynthesis, and thereby mitigating the impact of global 

warming and climate change (Dixon et al., 2011; Novotný et al., 2020). Nevertheless, they 

have been hugely challenged by anthropogenic disturbances, registering a loss of ~2.3 

million km2 between 2000 and 2012, and more recently, 4.7 million hectares per year 

worldwide between 2010 and 2020 ([FAO] Food and Agriculture Organization, 2020; 

Hansen, 2013; Ritchie and Roser, 2017). These have contributed to annual global 

greenhouse gas (GHG) emissions of ~50 gigatonnes of CO2e1(ibid). This has led to calls 

for global monitoring of forests and subsequent protection of woodland C stock fluxes vis-

à-vis; biomass extraction, land use change, forest fires, besides forest growth 

enhancements (Gonsamo et al., 2017; Prosperi et al., 2020).  

One key global intervention is the initiative on reducing emissions from deforestation and 

forest degradation (REDD+) advocated by the 1992 Kyoto Protocol of the United Nations 

Framework Convention on Climate Change (UNFCCC) (Patenaude et al., 2005). Under 

REDD+, C accounting is left to individual national agencies to decide pursuance of the 

appropriate methodologies with respect to climate change tracking and mitigation (Krug, 

                                            
1 CO2e = Carbon dioxide equivalent. It stands for the number of metric tonnes of CO2 emissions with the same global warming 

potential as one metric tonne of another greenhouse gas. 
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2018). In Malawi, this remains the responsibility of the Department of Forestry (DoF) 

which commenced piloting such efforts in Nyika and Mkuwazi protected areas, as early 

as 2008 (Berry et al., 2008). This was prior to officially joining the United Nations REDD 

partnership in 2014 (Berry et al., 2008; Department of Forestry, 2015; Malawi Redd+ 

Programme, 2015). However, implementation of the REDD+ efforts in the country has 

been characterised by a set of intertwined constraints associated with over-reliance on 

ground-based methods as the major forest monitoring technique (Kadzuwa and Missanjo, 

2022a; Neeff et al., 2015). In this work, I focus on the approaches and methods used, or 

potentially applied in Malawi during estimation of forest biomass and C, with consideration 

of the cost-effectiveness and their fit-for-purpose. 

The dependence on ground-based (gb) methods in Malawi is compounded by insufficient 

funding that underpins the challenges to developing an effective national forest monitoring 

system (NFMS) (Malawi Redd+ Programme, 2015; Neeff et al., 2015; Skole et al., 2021). 

Though gb inventory is primarily, but, not exclusively, renowned for its less sophisticated 

nature (not requiring much technical computer expertise), its sole employment as a forest 

inventory method is associated with several drawbacks that include;  

(i) high labour and operational costs (DeFries et al., 2007; Kachamba et al., 2016; 

Mlambo et al., 2017), i.e., £30 per ha per person compared to £7/ha for optical 

small unmanned aerial vehicle (UAV) airborne surveys (Table 2); 

(ii) limited spatial and temporal scale (practically covers small portion of the forest 

area under research) i.e., 0.126 ha per team per day in comparison to ≥162.5 

ha per day for optical small UAV airborne surveys (Table 2) (Mueller, 2012); 

(iii) unrepresentative spatial sampling due to inability to access fragile areas such 

as cliffs, steep slopes, riverbanks, etc. (Petrokofsky et al., 2012), compared to 

airborne and satellite EO that cover sites regardless of their accessibility; and, 

(iv) relative inconsistencies and inaccuracy emanating from various tools and 

methods used, i.e., use of varied sampling approaches, plot configurations, 

allometry for biomass calculations and interchange of stem diameter 

measurement tools (diameter tape versus calliper) (Alegria and Matthews, 

2014, 2014; Angelsen, 2008; DeFries et al., 2007; Dube and Mutanga, 2015; 
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Gaucher et al., 2015; Kachamba et al., 2016; Kadzuwa and Missanjo, 2022a; 

Malawi Redd+ Programme, 2015; Mlambo et al., 2017; Neeff et al., 2015; Sinha 

et al., 2015). 

Malawi experiences uniquely high annual deforestation and forest degradation that 

ranged from 22,410 ha yr−1 to 38,937 ha yr−1 and 42,961 ha yr−1 to 71,878 ha yr−1 during 

the period 2000-2009 and 2000-2015, respectively (Skole et al., 2021). Such 

environmental damage warrants robust forest monitoring methods capable of detecting 

woody biomass stock loss with minute details i.e., at 20m radius scale, which is the 

maximum sampling unit plot size for estimating deforestation and degradation in Malawi 

(Department of Forestry, 2012; Government of Malawi, 2019a). Ideally, these are 

attainable through spatially explicit means i.e., remote sensing, yet despite the current 

Malawi’s forest status, there is still over-reliance on gb methods alone to monitor and 

track biomass and C fluxes, a system which comparatively has predefined limitations in 

space and time dimensions (Table 2) (Petrokofsky et al., 2012).   

More striking is that over the past three decades, the dependency on gb data alone  has 

yielded significant inaccuracies and inconsistencies in forest biomass estimations as 

observed from the following: (i) Standard Operating Procedures (SOPs), (ii) sampling 

strategies/design, (iii) sampling unit configuration, (iv) stem diameter measurements, and, 

(v) allometry, (Table 3), inter alia (Government of Malawi, 2019a; Kadzuwa and Missanjo, 

2022a; McGann, 2015; Skole et al., 2021). Worse-still, under the global REDD+ 

framework, Malawi still operates within Tiers 1 and 2 systems (Ministry of Forestry and 

Natural Resources, 2021). This is indicative of lower methodological and data accuracy 

as per standards assessments of the Intergovernmental Panel on Climate Change 

(IPCC). Consequently, this has stalled the progress of the country’s achievements under 

the REDD+ global scheme. 

In this respect, a study on forests noted that AGB estimates of the tropical region where 

Malawi belongs are associated with; inaccurate measurement of variables, inconsistent 

allometric models, sampling size and design, and poor representativeness of the 

sampling network (Petrokofsky et al., 2012).  
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A different local study that compared remote sensing-derived national land use/land cover 

(LULC) mapping studies of Malawi revealed significant inconsistencies and variations in 

procedures, data and results on deforestation, forest degradation rates, hinging on 

biomass and C in the country (Haack et al., 2015).  

Reports have attributed such flaws to bearing incomparable forest biomass and C 

datasets and results that hamper the accreditation of Malawi’s REDD+ efforts, and delay 

C-based financial payments (Government of Malawi, 2019a; McGann, 2015; Neeff et al., 

2015; Skole et al., 2021). Furthermore, these limitations pose an obstacle to the 

development of Malawi’s National Forestry Inventory (NFI) system, which is underway, 

as noted by the rejection of its initial, though incumbent (2019) Forest Reference 

Emissions Level (FREL) report by UNFCCC (UNFCCC, 2021). Considering such 

knowledge gaps, this academic research was designed to support the understanding of 

how the incumbent Malawi’s NFMS technique could integrate low-cost but, moderate to 

high spatial resolution (HR) remote sensing data to scale-up spatial and temporal 

coverage while enhancing above-ground biomass (AGB) estimations accuracy with 

minimal costs. 

Remote sensing of forests has been successfully implemented in other low-income 

countries in the dry tropics, even using freely available datasets. However, attempts to 

simply transfer methods that have succeeded elsewhere to be used in Malawi have been 

challenged with substantial difficulties (Haack et al., 2015; Næsset, 2015; Neeff et al., 

2015; Ryan et al., 2012, 2012). Hence, to fully exploit the freely available/unrestricted 

remote sensing data requires either a better understanding of the relationship between 

forest biomass and remotely sensed parameters (such as radar backscatter) or a more 

effective bridging between field-based measurements that are the core of Malawi’s NFI, 

and the satellite based-datasets. 

In view of these scientific, but uncharted knowledge gaps, thus amidst Malawi’s 

pursuance of the REDD+ mechanism, it was important for this study to explore the 

following;  
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i. How efficiently does UAV photogrammetry work in Malawi’s Miombo Woodlands 

considering its fit-for-purpose and cost-effectiveness, given the scale of variation 

in landscape heterogeneity? 

ii. How does it help the researcher understand the spatial variability of Malawi’s 

woodland? 

iii. How does it help the researcher understand the efficiency of integrating satellite 

data into the ground-based measurements? and last though not least,  

iv. How might the UAV and satellite datasets be combined to optimise spatial 

coverage, temporal resolution and enhance data accuracy, all of this within the 

constraints of cost-effectiveness and other environmental challenges for a Malawi 

context?  

1.1.1 Challenges of Remote Sensing Malawi’s Miombo 

Miombo Woodlands are the dominant forest biome of Malawi, covering ≥90% of the 

country’s total forestland (23,677km2), (Figures 4 and 5) (Skole et al., 2021). The 

woodlands are fragmented and extend across a highly heterogeneous landscape with 

mosaics of both open and closed canopies (Cassells, 2012; Skole et al., 2021). Besides, 

they are exposed to unpredictable anthropogenic factors such as fire, wood and charcoal 

extraction which resulted in some cases, to variant patches of forests C stocks, ranging 

from 35 to 45Mg ha−1 and sometimes to as low as 8Mg ha−1, rendering the woodland’s 

mapping and modelling quite uncertain (Haack et al., 2015; Kamusoko et al., 2014; Kuyah 

et al., 2014; Skole et al., 2021).  

The unpredictable wood/charcoal extraction and fire incidents of Malawi complicate 

validation, calibration and interpretation of remotely sensed datasets (Figure 42) 

(Department of Forestry, 2012). This occurs in the way that during the time-lapse between 

the EO data acquisition and the gb measurements (validation) there is always high 

chances of biomass reduction due to either wood and charcoal extraction or fire damage, 

especially during the dry season as the country experiences their high frequencies within 

a brief time (Department of Forestry, 2012; Nieman et al., 2021; Skole et al., 2021). This 

partly contributed to the significant variations reported on LULC classification and 

accuracy revealed by the analysis of the 4 studies conducted during the same period in 
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Malawi (Haack et al., 2015). Irrespective of the aforementioned factors, the various spatial 

resolutions of EO used in most of the local studies in Malawi have been too coarse to 

capture the variability of fragmented landscapes as well as the contribution of the afore-

said anthropogenic factors, thereby thwarting mapping efforts of Malawi’s Miombo 

Woodlands (Haack et al., 2015; Skole et al., 2021). For instance, the Landsat Enhanced 

Thematic Mapper’s Thermal InfraRed’s 60m spatial resolution (3600m2 or 0.36ha) of band 

6 datasets and the Landsat Multispectral Scanner of 30m spatial resolution (900m2 or 

0.09ha) imagery were used for analysing vegetation i.e., mapping biomass (Haack et al., 

2015). However, some fragmented forest mosaics of Malawi are too small i.e., <0.04ha 

while others are slightly ≤ 1257m2 (0.12ha, Table 3) to be effectively mapped at the 

Landsat’s imagery minimum mapping units (mmu) (Haack et al., 2015; Skole et al., 2021). 

This has resulted in serious scale mis-matches (between the mmu and sampling unit plot 

sizes) and eventually yielded high uncertainty in biomass and C estimates for the previous 

years in Malawi (Haack et al., 2015; Skole et al., 2021).    

Besides, Miombo Woodlands are critically affected by tree leaf-phenology and 

seasonality, i.e., they experience leaf-off and leaf-on conditions during the dry season 

(April-October) and wet seasons (November to March), respectively (Fig. 5) (Chidumayo, 

1997; Kadzuwa and Missanjo, 2022a; Kamusoko et al., 2014). This renders interpretation 

of biomass and other woody components difficult as they cause spectral reflectance 

patterns of the woodland to vary according to tree leaf condition and seasonal change 

(Kamusoko et al., 2014). This is due to changes of surface moisture or water availability 

that occurs during the rainy and dry seasons (ibid). In Malawi, surprisingly, none of the 

previous Miombo biomass studies  (Domingo et al., 2019; Kachamba et al., 2016; Skole 

et al., 2021) has meticulously explored how leaf-phenology and seasonality affect AGB 

estimations, i.e., correlating the effect of leaf-fall and dry season factors with biomass 

assessments, despite the clear distinction existing between the evergreen riverine and 

the deciduous sub-forest types (especially during the dry season) constituting the Miombo 

of Malawi, at least to the author’s knowledge. 

In addition, most forest cover change assessments that entail C stock monitoring in 

Malawi focused on government managed (Miombo) lands only, thereby deriving biased 
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results (Skole et al., 2021). The practice has also resulted in establishing most of the 

sampling plots for the REDD+ initiative within the government-controlled forests only, yet 

forests also cover customary and private owned lands as well. This is against the 

background that under REDD+ mechanism, fine-scale information on forest attributes, 

primarily acquired through remote sensing is indispensable to the orientation of different 

management and conservation activities across various forest land tenure (Government 

of Malawi, 2019a; Kachamba et al., 2016; Skole et al., 2021).  

Validating remotely sensed observations using terrestrial data acquired from permanent 

sample plots (PSPs) is one fundamental element advocated under the REDD+’s 

measuring reporting and verification (MRV) protocol (Chidumayo, 2019; Zerihun and 

Tesfaye, 2013). Unfortunately, records indicate that there is no complete wall-to-wall 

network of permanent sampling plots (PSPs) covering Malawi (Government of Malawi, 

2019a; Tetra Tec and Winrock International, 2022, 2021). For instance, from a sample 

estimate of 663 PSPs computed to sufficiently encompass the country at 95% Confidence 

Interval (10% error), only 354 (53%) were established by the time the country attempted 

to conduct a national forest inventory (2019) (Government of Malawi, 2019a; Tetra Tec 

and Winrock International, 2022, 2021). Unfortunately, to date, the target has not been 

attained, at least to the knowledge of the author. This predicament renders another 

significant challenge for the Miombo remote sensing studies especially, under the REDD+ 

initiative as the scheme requires repeated assessments on designated area, preferably 

PSPs for consistence and accuracy's sake (Shoch et al., 2013; Vanclay et al., 1995). 

Tropical woodland studies on forest monitoring (Southern Africa inclusive) have 

increasingly recommended the enhancement of terrestrial measurements by integrating 

remotely sensed EO data as a low-cost option to pursue REDD+ mechanisms (Angelsen, 

2008; DeFries et al., 2007; Dube and Mutanga, 2015; Kachamba et al., 2016; Sinha et 

al., 2015). Research further encourages employment of medium to high resolution Earth 

Observations from unrestricted sources and low-cost airborne imagery (from commercial 

UAVs) as an approach to attaining more accurate forest biomass estimations under 

REDD+ scheme (Ahrends et al., 2021; Bouvet et al., 2018; Kachamba et al., 2016; 

Mlambo et al., 2017). However, the setback has been that previous LULC studies in 
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Malawi produced results with considerable inconsistencies and uncertainties, i.e., the 

minimum mapping unit (MMU) varied from 0.001ha (25m2), 0.8ha (90m2) and 2ha to 

100ha, yielding national forest cover percentages with significant errors as they ranged 

from 18.2 to 28.7% (Haack et al., 2015; Skole and Samek, 2016). In addition, the 

estimates excluded the trees outside forest (trees on farm) on customary and private land 

domain (ibid). Hence, the deforestation rates estimated by the same studies had 

significant biases, i.e., ranged from ~6 × 103 ha year−1 to 30 × 103 ha year−1 while the 

acceptable ones ranged from 22 × 103 ha year−1 to 39 × 103 ha year−1 (Skole et al., 2021). 

These have rendered difficulties in comparison, hence could not be reliably used for the 

REDD+ purposes (Haack et al., 2015; Kadzuwa and Missanjo, 2022a; Skole et al., 2021). 

Despite this, investigations on African woodlands revealed that quantification of the 

processes of C emissions from tropical land-use change is hindered by limitations of 

optical remote sensing and ground datasets (McNicol et al., 2018). Malawi is no exception 

as ~25% of previous gb inventories have had their datasets untraceable and/or 

irretrievable (Table 3) (Alegria and Matthews, 2014; Kadzuwa and Missanjo, 2022a; 

Malawi Redd+ Programme, 2015). In some cases, this predicament has left remote 

sensing/mapping efforts of the country with hitches in planning and consequently, 

interpretation of the imagery observations due to scanty or unreliable baseline data 

(Department of Forestry, 2012). This syndrome has subsequently contributed to 

deterrence of in-depth research efforts that use remote sensing techniques in Malawi’s 

Miombo Woodlands.    

Records show that almost one-third of the forest inventory studies in Malawi attempted to 

employ EO from unrestricted access of Landsat, ASTER sensor aboard the Terra mission 

(thus DEM) and Google Earth (GE) platform (Table 3). Despite some global and regional 

efforts undertaken to map the Miombo eco-biome (Baccini and Asner, 2013; McNicol et 

al., 2018; Saatchi et al., 2011), literature critically exposes there has been minimal efforts 

by local studies in the country to engage the freely/unrestricted Sentinel or ALOS-2 

PALSAR-2 datasets in estimating AGB (Government of Malawi, 2019a; Tetra Tec and 

Winrock International, 2022, 2021). This is despite the renowned finer spatial and 
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temporal resolution that the missions' datasets provide, at least to the knowledge of the 

author.  

Remote sensing (RS) technique in forest assessments can be incorporated at either the 

design (planning stage) and/or estimation (quantification) phases (Saarela et al., 2016). 

At the design stage, RS can be integrated to stratify forest structure and aid unequal 

probability sampling while during estimation phase, it facilitates balanced sampling 

(improves estimates of population parameters either by model-assisted estimation or 

model-based inference) (Cunliffe et al., 2020; McRoberts et al., 2015; Patenaude et al., 

2005; Saarela et al., 2016). Such up-to-date studies have evolved full integration of RS 

at both stages to the extent of drawing predictive relationship/models and statistically 

estimate biomass and C, in addition to other woody components, advances renowned to 

enhance data accuracy, temporal and spatial resolution (ibid).  

Unfortunately, Malawi’s local and national forest biomass assessment statistics over the 

past 3 decades (Table 3) indicate that only 55% of inventories attempted to integrate RS 

technique, worse-still, just ~45% of the those studies incorporated the system at a basic 

palling level i.e., pre-screening and/or stratifying forest areas using arbitrarily 

visualisations that are prone to high errors  (Department of Forestry, 2012; Government 

of Malawi, 2019a; Malawi Redd+ Programme, 2015).  

A renowned forest mapping study employed ALOS-PALSAR-1 radar backscatter 

measurements to merely identify vegetation and stratify forestland in Malawi’s Miombo 

Woodlands during the 2010 -12 period (Department of Forestry, 2012; Haack et al., 

2015). Though the study achieved wider spatial coverage of forestland (compared to the 

past plot-based inventories) and despite a follow-up synthesis on LULC analysis 

delivering a forest conversion risk modelling that would have triggered in-depth 

investigations on spatial forest cover and deforestation risk factors; no deliberate attempt 

was made to examine the relationship between the ground-based AGB and radar 

backscatter measurements in these woodlands. Therefore, it was of great interest for this 

academic study to fill the scientific novelty by examining the correlational relationship of 
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the parameters using these two datasets, thus against the background of Malawi’s 

Miombo Woodlands challenges. 

Forest investigations conducted in the Savannah Woodlands of Cameroon and Uganda, 

and Miombo Woodlands of Mozambique (Nhambita and Niassa) in 2009, established a 

positive correlation between gb AGB and L-band backscatter estimations for lower-

biomass up to 150 Mg ha-1 (±~20%) (Mitchard et al., 2009; Ryan et al., 2011). In sharp 

contrast, a poor or no correlation pattern between the gb AGB and the L-band radar 

backscatter measurements was established in Malawi’s Miombo Woodlands (Nyika and 

Mkuwazi protected areas) through a study conducted within the same period (Cassells et 

al., 2009). This was attributed to; (i) the openness of the forest canopy, (ii) the 

heterogeneity in tree sizes and locations, and (iii) topography (Cassells, 2012; Cassells 

et al., 2009). Hence, further studies were encouraged on this, yet up to date, these factors 

have rarely been explored regarding to their contribution to AGB estimations in Malawi. 

In contrast, these attributes were not reported to have influenced biomass estimations in 

the African savannah and Miombo woodlands study, suffice to suggest that their 

pronounced effect was unique for Malawi in comparison to the other countries. This left a 

significant knowledge gap for exploring Malawi’s circumstances affecting biomass and 

carbon estimates. 

Furthermore, the correlation (between gb AGB and L-band backscatter) drawn in the 

Savannah of Cameroon and Uganda and Miombo of Mozambique employed regional-

scale AGB allometry (Mitchard et al., 2009; Ryan et al., 2011). Nevertheless, application 

of these allometry were observed to have yielded unreliable results for Malawi’s Miombo 

Woodlands, thus under REDD+ mechanism (Kachamba, 2016). While these findings, in 

addition to the previous studies, provided the impetus to generate and adopt local 

allometry for estimating biomass in Malawi’s Miombo Woodlands, uniqueness of the 

country’s local circumstances i.e., geographical and topographical attributes were cited 

as the key reasons for not adopting the allometry despite the woodlands falling under the 

same Miombo eco-biome stretch with Mozambique (Figure 4) (Kachamba, 2016). 
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Another key study that examined the applicability of L-band radar backscatter from ALOS-

PALSAR cross-polarised-HV measurements in Mozambique’s Miombo Woodlands 

(2007-2009) revealed that datasets could be used, to some extent in detecting vegetation 

C stocks losses and gains as a low as 12MgCha-1, with 95% confidence interval (Ryan et 

al., 2012). Despite these findings, another related study emphasised on further work to 

quantify the uncertainties in the biomass change estimates (Mitchard et al., 2013). While 

both Mozambique and Malawi share the same Miombo Eco-biome, variations have been 

observed in the extent of drivers of biomass change in the two countries, suffice to 

suggest that C stock mapping for Mozambique would have not worked for Malawi’s 

Miombo due to the following; 

(i) the minimum level of the detecting C stocks was 12MgCha-1 in Mozambique while 

the stocks of Malawi estimated the same period reached as a low as 8MgCha−1 

(Skole et al., 2021), hence the difference in the mapping scale would have led to 

large uncertainty, and 

(ii) small-scale farming, the main contributor for biomass change in Mozambique was 

estimated at an average of 0.2ha, while in Malawi wood and charcoal extraction 

(quantified at a rate of 15,000ha-1, during the same period) have been the major 

contributing factors for the change (Kambewa et al., 2007). The difference in the 

underlying factors for the biomass change, i.e., the anthropogenic activities would 

have rendered the C stock map model for Mozambique not feasible for Malawi.  

Current global efforts on biomass mapping have covered Malawi with the European 

space Agency’s Climate Change Initiative (ESA-CCI) Biomass Map datasets as well as 

the live biomass stock-change datasets over the 21st century acquired from SAR sensors 

(Santoro et al., 2021; Xu et al., 2021). Therefore, this incumbent study whose focus was 

on accuracy of the AGB, and C estimates also employed these C stock change datasets.  

Researchers have recommended that low-cost and accurate forest monitoring system 

remains a top priority for developing tropical countries that practice REDD+ mechanism 

and experience funding constraints (Kachamba et al., 2016; Mlambo et al., 2017). The 

studies further explained that employment of high quality third dimension (3D) 
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photogrammetric observations (from small-UAV) would comparatively be affordable and 

effective for collecting forest biomass estimates in Miombo Woodlands of Malawi 

(Kachamba et al., 2016). Nevertheless, critical analysis on previous studies in Malawi 

reveals that there was no attempt to calibrate and upscale the measurements using SAR 

backscatter nor has there been any current effort by the local studies to integrate the gb 

based datasets with the ALOS-PALSAR or Sentinel-1 datasets, regardless of the EO 

missions unrestricted access current status (Department of Forestry, 2012; Government 

of Malawi, 2019a; Kachamba, 2016; Skole et al., 2021; USAID PERFORM, 2017).  

Ideally, employment of the SAR datasets would have served to leverage the scaling up 

of the terrestrial measurements by using the structure-from-motion (SfM) 

photogrammetric airborne measurements within a short temporal resolution (Table 5) 

while saving costs, and more prominently, enhancing data accuracy as required by the 

REDD+ mechanism.  

Therefore, to bridge these knowledge gaps while supporting Malawi’s REDD+ monitoring, 

it was of interest for this incumbent academic research to explore further the correlational 

relationship existing between the gb and the SAR satellite based EO in estimating AGB 

and canopy spatial distribution while using the airborne based datasets as a link. This 

entailed employing the gb measurements as reference in analysing the following; 

(i) Optical UAV orthomosaics, 

(ii) L-and C-band radar backscatter measurements, and  

(iii) Visible/NIR/SWIR composite band datasets. 

The benefit of the SfM propagated imagery over most of the satellite EO (except for the 

recent i.e., Lidar GEDI (Global Ecosystem and Dynamics Investigation) and ICEsat-2 

Missions) is the provision of the 3D or vertical/height advantage, an attribute that 

improves accuracy of the structure of the terrestrial observations (Hancock et al., 2021, 

2019; Phalla et al., 2018; Wang et al., 2018). Unfortunately, datasets from the 2 missions 

could not have been used by this study due to the following reasons. The missions were 

launched in 2018 when this research was already underway, hence, it would have been 

risky and time wasting for this academic study (on the part of the author) to wait for the 
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missions' datasets, thus in cognisance of the challenges and constraints that newly 

launched missions incur i.e., failure or deficient performance.  

The study also decided not to use these EO/datasets, though the ICEsat-2 Mission render 

an urge due to their interdisciplinary application to land topography and vegetation canopy 

heights (Liu et al., 2021; Silva et al., 2021). This is because the high slopes of the 

mountainous Ntchisi Forest (>300) (Table 6) would have presented challenges to both 

GEDI and ICESat-2 missions, in addition to the tall (>20m) mosaics in some parts of the 

forest which would have reduced the accuracy of the terrain height estimates (Liu et al., 

2021). 

Research focusing on the use of height parameter in deriving biomass estimates 

independently observed that individual tree height remains a better explanatory variable 

for defining biomass, and its inclusion in allometric models or algorithmic calculations 

enhances significant accuracies i.e., 6% in biomass estimates (Phalla et al., 2018; Wang 

et al., 2021). The studies further acknowledged that height estimates can be used to 

alleviate data signal saturation issues in tropical forests, thereby allowing improved 

assessment of biomass (ibid). 

Despite these advantages that UAV SfM photogrammetric data render, it remains costly 

to operate drones on a large scale due to their non-endurance of long flights (Townsend 

et al., 2020). It is cost-effective, paradoxically to operate a drone on a small area 

compared to plot-based inventories (Table 2) (Tang and Shao, 2015; Townsend et al., 

2020). As a result, UAV operational costs have been logically used to off-set costs by 

incorporating freely available datasets from either ALOS-2 PALSAR-2, or S1 and/or S2 

satellite missions in most surveys (Odipo et al., 2016; Zhang et al., 2017).  

It is therefore, against such a backdrop that this research integrated the gb measurements 

of individual trees with unrestricted EO datasets from ALOS-2 PALSAR-2, Sentinel-1 and 

2, and ESA-CCI Biomass Map by using the UAV orthomosaics as a link in estimating 

AGB and C in Malawi’s Miombo Woodlands.  
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The table below provides an overview of the some of the key regional and global scale 

biomass maps reviewed under this study, in addition to the local scale ones that have 

been covered under Table 3. 

Table 1. Overview of Key Regional and Global Scale Biomass Maps Reviewed  

Study Period/Year 
of study 

Scale  Coverage Focus Author/Source 

Benchmark map of forest carbon stocks 
in tropical regions across three 
continents 

2000 Inter-
continental 

Latin America, sub-
Saharan- Africa and 
Asia 

AGB and 
C stock 

(Saatchi et al., 2011) 

A first map of tropical Africa’s above-
ground biomass derived from satellite 
imagery 

2000–2003 Regional 20 million km2   
Tropical 
Africa,  

AGB (Baccini et al., 2008) 

Estimated carbon dioxide emissions 
from tropical deforestation improved by 
carbon-density maps 

2000–2010 Inter-
continental 

Tropical America, 
Africa and Asia 
(Australia excluded) 

AG woody 
vegetation 
and C 
emissions 

(Baccini et al., 2012) 

Tropical forests are a net carbon 
source based on aboveground 
measurements of gain and loss 

2003–2014 Inter-
continental 
(pan-
tropical) 

Tropical America, 
Africa, and Asia 

AG carbon 
density of 
live woody 
vegetation  

(Baccini et al., 2019) 

Carbon losses from deforestation and 
widespread degradation offset by 
extensive growth in African woodlands 

2007–2010 Regional Southern African 
Savannah 
Woodlands (Angola, 
DRC, Malawi, 
Zambia, Tanzania 
Zimbabwe, 
Mozambique) 

AG woody 
carbon 
stock 

(McNicol et al., 
2018) 

An integrated pan-tropical biomass map 
using multiple reference datasets 

2000–2010 Inter-
continental 
(pan-
tropical) 

(23.4 N–23.4 S) 

Tropical America, 
Africa, and Asia 

AGB (Avitabile et al., 
2016) 

ESA-CCI BIOMASS Map Project 2021  2010, 2017, 
2018 

Global Global AGB (Santoro et al., 2021) 

Forest biomass retrieval approaches 
from earth observation in different 
biomes 

2010 Regional Poland, Sweden, 
Indonesia, Mexico, 
and South Africa  

AGB  (Rodríguez-Veiga et 
al., 2019) 

 

1.2 Research Aims, Questions and Objectives 

To fully exploit the available RS data requirements which requires a better understanding 

of the relationship between the woody biomass and remotely sensed parameters or a 

more effective bridging between field-based measurements that are the gist of Malawi’s 

NFI, and the satellite data; it was of prominent interest for this work to investigate how the 

UAV based HR photogrammetry may help provide a path to solving one or both problems.  

1.2.1 Research aims  

This research explored the extent that; (i) optical low-cost small UAV data, and (ii) freely 

available/unrestricted satellite EO datasets could be effectively combined with (iii) tree-

level parameters measured from ground-based plots as a cost-effective, accurate and 



   
 

15 
 

coverage enhancement means of estimating AGB and C in the fragmented and rugged 

terrain Miombo Woodlands while the offering the possibility of upscaling the National 

Forest Monitoring System (NFMS) of Malawi.  

1.2.2 Key research question 

The key question that this research tries to answer is: to what extent can low-cost small 

optical UAV data be effectively integrated with tree-level ground-based measurements to 

cost-effectively scale up forest monitoring in the challenging Miombo Woodlands of 

Malawi to support the country’s REDD+ initiative?  

1.2.3 Specific objectives 

The above overarching question was addressed under 4 specific objectives presented 

chronologically below;  

(i) To investigate whether low-cost Structure-from-Motion (SfM) photogrammetric 

optical orthomosaics and generated 3D information (canopy height model) allows 

individual tree crowns to be geo-located and use their structure (height and crown) 

to estimate AGB and C.  

(ii) To use the scaled tree metrics (canopy height and crown diameter acquired from 

small-UAV photogrammetry, i.e. objective 1) to evaluate the use of SAR 

backscatter acquired from; (a) ALOS-2 PALSAR-2-L-band,  (b) Sentinel-1-C-band 

and (c) ESA-CCI Biomass Map datasets,  and  (d) the Visible/Near Infra-

Red/Short-Wave Infrared (Vis/NIR/SWIR) composite band measurements from 

Sentinel-2 in estimating AGB and C in Malawi’s Miombo Woodland.  

(iii) To compare AGB and crown diameter results from objective ii, thus between 

ALOS-PALSAR-2 and Sentinel1 backscatter, and the ESA-CCI Biomass Map 

measurements in terms of (a) accuracy, (b) extent and frequency of coverage, (c) 

costs, and (d) reliability of operation in the study site’s environment, and 

(iv)  To explore the relationship among the ground-based, airborne-based and 

satellite-based AGB, C and fractional cover (achieved simultaneously through 

undertaking the first two objectives). 
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CHAPTER-2 

2.0 CONTEXTUAL BACKGROUND 

This chapter provides a general evaluation of forest inventory data acquisition systems in 

relation to biomass and C assessments. It unfolds the historical backdrop of forest 

biomass assessment methods applied in Malawi’s Miombo Woodlands by highlighting the 

data collection techniques and their cost estimations. It further encapsulates the ecology 

and distribution of the Miombo ecobiome by linking it to its primary ecosystem service of 

carbon balance with a focus on the main carbon pools as identified under the REDD+ 

mechanism. The section also provides an outline of the parameters of success entailed 

in forest monitoring system at a national scale as defined within Malawi’s context. Finally, 

the chapter renders an overview of RS concept with a bias towards forest monitoring. 

2.1 Forest Data Acquisition Systems and Basis of Cost Estimations  

For this study, the forest data acquisition systems have been categorised as follows; (i) 

ground-based measurements, (ii) optical satellite imagery, (iii) small-UAV Structure-from-

Motion Photogrammetric Surveys (Optical), (iv) Radar (active sensor), and LiDAR/ALS 

(active sensor) (Hancock et al., 2021; Mlambo et al., 2017; Woodhouse, 2006).  

The forest data acquisition systems and their cost estimations (Table 2) are applicable to 

various parts of the world forest eco-biomes. This is in exception to the ground-based 

measurements and to a substantial extent, the small-UAV Structure-from-Motion 

Photogrammetric Surveys (optical) which have been calculated based on the conditions 

of the Southern Africa Miombo Woodlands. Precisely, the two apply to the REDD+ non-

Annex-I partner 2 party context where funding poses a huge constraint, i.e., Malawi, 

Zambia and Botswana. These three countries were pilot sites under the project entitled 

‘Development of Integrated Monitoring Systems for REDD+ in the Southern African 

Development Community (SADC)’ (Mueller, 2012).  

                                            
2 Non-Annex I partners include developing countries that do not have legally binding greenhouse gas emissions reductions targets 

under the Kyoto Protocol.  
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The table below depicts the merits and demerits of data acquisition systems in relation to 

forest biomass estimations, which have been compared under the context of REDD+ 

mechanism in Miombo Woodlands of Malawi. 
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3 (Mueller, 2012) 
4 (Government of Malawi, 2019a; Neeff et al., 2015) 
5 https://www.airtel.mw/Consumer-Newsletter 
6 http://www.precision.mw and author’s field survey experience-2019 
7 (Phillips et al., 2016) 

 Table 2. Strengths and Weaknesses of Data Acquisition Systems in Relation to Forest Biomass and Carbon Estimations-Malawi’s REDD+ Context 

No. System Spatial 

Resolution  

EMS Region Carbon 

Pool 

Canopy 

Penetration 

Relative Cost Relative Cost 
Considerations 

 Merits Demerits 

1 Ground-based 

measurements 

Coarse Visible light 

(λ ≈ 0.4mm – 

15mm) 

AGB, 

BGB, 

Litter, 

DW & 

SOC 

N/A £30 per ha per 

person
3
 

Excluding 
equipment hiring 

costs
4
 

Affordable/ideal for 

small expanse 

  

High capital & operational costs (time, 

labour, etc.) 

Not feasible for rough terrain/inaccess ble 

areas thereby rendering spatial 

inexplicitness 

Costly for large expanse 

2 Optical 

Satellite 

Imagery  

 

Coarse-Fine Visible & IR  

(λ ≈ 0.4mm – 

15mm) 

AGB 

 

 
 

Coarse-

Medium ) 

£10 per ha 
(≥ £200/month 
(20,000GB on 
internet 
bundle@£200/m

onth for DoF)
5
 

during forest 
resource 
assessments 

Excluding 
equipment 
hiring, office 
space & training 
costs 

Cost-effective    for 

unrestricted access, 

i.e., Sentinel-2 & 

Landsat) 

Effective for areas 

inaccessible by 

physical/ground 

measurements     

Costly for commercial satellites, i.e.; 

IKONOS, SPOT  

Requires considerable technical training 

to time optimal data acquisition window, 

process & analyse data 

Weather limitations 

3 Small-UAV  

SfM 

Photogrammetr

ic Surveys 

(Optical) 

Coarse-Fine Visible & IR 

(λ ≈ 0.4mm – 

15mm) 

AGB  

 

Ideal for 

coarse to 

moderate 

canopy 

densities  

  

 

£7 per 

ha
6
(Excluding; 

training costs) 

Cost-
effective/consum
er grade-
standard 
(requiring less 
technical training 
to operate) 

Cost-effective (saves 

labour & time compared to 

ground-based 

measurements & 

commercial radar or lidar) 

Covers large expanse & 

cheap in the long run)
7
 

compared to ground-based 

measurements 

Effective for less dense 

canopy 

Costly for large expanse 

Saturates in dense canopies 

Relies on accurate Digital 

Terrain/Surface Models 

Affected by weather limitations 
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8 https://www.statista.com/statistics/1293877/commercial-satellite-imagery-cost-worldwide/; (Patenaude et al., 2005) 
9 (Government of Malawi, 2019a) 
10 (Hummel et al., 2011; Panjvani et al., 2019; Patenaude et al., 2005) 
11 (Hancock et al., 2021; Hummel et al., 2011, p. 2011; Næsset, 2015) 

4 RADAR 

(Active) 

 

Fine Microwave 

(λ ≈ 2.5 –100cm) 

 

AGB, 

BGB, 

& 

SOC 

 

 

Ideal even for 

dense 

canopies 

(even for lower 

canopy) 

 

£25 per square 

km
8
 for 

commercial data  

(£5 per ha)
9
 for 

unrestricted data 

 

Costly for 

commercial 

satellites & 

cost-

effective for 

unrestricted 

datasets   

Better at detecting 3D 

forest structures/detects 

even lower canopy 

Not affected by weather 

i.e., clouds etc. 

Continuous coverage (day 

& night) 

Signal saturation over dense 

vegetation 

Requires professional training to 

acquire and process data 

(radiometric, geometric 

corrections, i.e., suffers 

speckle/precision effects)  

High payload systems (e.g., 

400kg, requires more power and 

space) 

5 LiDAR/ALS/ 

 

Medium-
Fine 

Visible and NIR 

 

 

 

AGB, 

BGB, 

& 

SOC 

Deep 

penetration 

(even lower 

canopy) 

Direct height 
measurements 

£300 per square 

km for LiDAR
10

, 

 
£96, per square 

km
11

 for ALS 

(~£1 per ha) 

 Does not suffer signal 

saturation over dense 

vegetation 

Captures ground elevation  

High precision over hard 

targets (quality 3D data) 

Continuous coverage (day 
& night) 
 
Allows direct retrieval of 
vegetation structure 
(height)  

High initial/capital costs & per unit 

area cost 

Requires high level expertise to 

acquire & process data 
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In this report, the term ‘ground-based inventories’ has been interchangeably used as ‘site-

based-measurements/inventory’ or ‘plot-based inventory/measurements’ or ‘terrestrial 

measurements. The different currencies (i.e., $ or €) quoted from the literature reviewed 

have been converted to British Pound Sterling (£)12 in Table 2 above for ease of 

comparison.  

The costs for the ground-based and the optical satellite imagery, £120 ha-1 (£30, per ha, 

per person) and £10 ha-1 respectively, include total expenses incurred from data 

acquisition, processing and computation of results pertaining to AGB and C estimations. 

The charge for the small-UAV Structure-from-Motion Photogrammetric Surveys (Optical), 

was estimated at £7.14ha-1 (rounded-off to £7ha-1) includes hiring of equipment, 

operational (image acquisition and related fieldwork) and data-pre-processing charges. 

The costs for Radar (£25/km2), ALS (£96/km2) and the LiDAR’s (£300/km2) account for 

image acquisition only (Hancock et al., 2021; Panjvani et al., 2019; Patenaude et al., 

2005).  

2.1.2 Ground-based measurements 

In Malawi’s scenario, the plot-based cost estimations displayed in Table 2 factored-in the 

following key components; (i) labour which is dependent on sampling plot unit size, (ii) 

data entry and computer-based analysis, (iii) transport, (iv) communication and rentals, 

(v) food and accommodation, and (vi) field supplies consumed during data collection. 

These calculations consider the average current exchange rate (26th October 2022-

https://www.exchangerates.org.uk/Malawi-Kwacha-MWK-currency-table.html), provided 

by the central bank of Malawi, the Reserve Bank. They exclude equipment hiring and 

office space expenses since the two are complimentarily provided by the DOF during 

forest inventories.  

The cost estimations range were fundamentally, but not exclusively synthesised from the 

following studies; 

(i) The author’s academic field study conducted in Ntchisi Forest Reserve-2019, 

                                            
12  The exchange rates were; $1=£0.71, and £1= €1.16 
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(ii) A Roadmap for Developing Malawi’s National Forest Monitoring System-2015 

(Neeff et al., 2015), 

(iii) PERFORM Site-Based Forest Inventory Report a Technical Report on Liwonde, 

Ntchisi and Perekezi Forest Reserves (USAID PERFORM, 2017),  

(iv) Development of Integrated Monitoring Systems for REDD + in the Southern African 

Development Community (SADC) Field Inventory Results: Transboundary Test 

Area (Malawi-Zambia) (Mueller, 2012), 

(v) Forest Resource Mapping Final Report for Implementation Phase (Department of 

Forestry, 2012),  

(vi) An Assessment of Monitoring Requirements and Costs of 'Reduced Emissions 

from Deforestation and Degradation-2009 (Böttcher et al., 2009), and 

(vii) Malawi National Forest Inventory 2018 Analysis Report (Government of 

Malawi, 2019a). 

Despite the funding constraints that Malawi faces, especially when implementing REDD+ 

efforts, the country still relies on ground-based inventories for collecting data, yet they are 

deemed expensive, comparatively. A transboundary forest inventory commissioned 

under the REDD+ MRV-SADC Project covered 52,000 km2 of Miombo Woodlands (with 

604 sampling plots units of 0.3ha each) in Malawi, Zambia and Botswana, cost €210,000 

(£181,034, thus ~£30 ha-1) (Mueller, 2012). Though these total expenses were 

considered fair, they were higher than the average of cost of inventories in the US (United 

States), UK (United Kingdom), Bolivia, and Costa Rica which ranged from 55 to 172 

US$/km2, thus translating to £0.39-£1.22 ha-1 (Böttcher et al., 2009).  

A roadmap study for Malawi’s NFMS estimated that a sum of $100,000 (£76,923) was 

required to upgrade the country’s forest inventory system to attain the global REDD+ 

standards (Neeff et al., 2015). However, the amount was never realised due to funding 

constraints, at least to the knowledge of the author. Alternatively, Malawi resorted to site 

specific forest inventories that are not only conducted on piece-meal basis, but also 

donor-driven (Figure 2 and Table 3) (Government of Malawi, 2019a; Haack et al., 2015).  
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Though the site-based inventory approach was adopted as a cost-effective option for 

monitoring forest in Malawi, its huge setback has been its potentiality to provide project 

sponsors the leeway to tailor-make data collection procedures to fit their specific goals, 

which unfortunately, have not been compliant with the global REDD+ standards quite 

often (Government of Malawi, 2019a; Malawi Redd+ Programme, 2015; Neeff et al., 

2015).  

Most significantly, donor-driven ground inventories are conducted according to the 

funder’s preference i.e., with modifications to the following; (i) choice of site, (ii) sampling 

design/approach, (iii) sampling unit plot configuration, (iv) choice of measuring tools, (v) 

choice of biomass allometry, not to mention of spatial and temporal scales (Government 

of Malawi, 2019a; Malawi Redd+ Programme, 2015). Strikingly, the inconsistencies 

applied in the afore-mentioned factors have been the critical parameters rendering the 

quality of the datasets acquired and their results unsuitable or incomparable to the 

REDD+ scheme standards, particularly the AGB and C estimates in Malawi (Haack et al., 

2015; Kadzuwa and Missanjo, 2022a; Neeff et al., 2015; Skole et al., 2021; UNFCCC, 

2021). Unfortunately, this has led to the delay of Malawi’s REDD+ progress in attaining 

the required standards by the laid by UNFCCC (UNFCCC, 2021).  

2.1.3 UAV SfM photogrammetric system (optical) 

The cost of operating UAV surveys varies based on sampling methods and study site 

conditions (i.e., road network and access, topography) not only within the forest industry, 

but also in other sectors such as the health and fishing industry (Ene et al., 2016; Phillips 

et al., 2016; Provost et al., 2020). Due to the scarcity of literature documented precisely 

on the cost of the same, especially in the African Tropical Woodlands, the estimates on 

lightweight airborne system indicated in Table 2 above were largely derived, though not 

exclusively from the following studies; 

- The author’s academic field study experience during the Ntchisi Forest 2019 

biomass and C assessments; 

- Costs Associated with the Use of Unmanned Aerial Vehicles for Transportation 

of Laboratory Samples in Malawi (Phillips et al., 2016); 
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- A Comparison of Accuracy and Cost of LiDAR versus Stand Exam Data for 

Landscape Management on the Malheur National Forest-2011 (Hummel et al., 

2011); 

- An assessment of monitoring requirements and costs of 'Reduced Emissions from 

Deforestation and Degradation -2009 (Böttcher et al., 2009; Hummel et al., 2011); 

- Assessing the Viability of Small Aerial Drones to Quantify Recreational Fishers 

(Provost et al., 2020).  

The calculations factored-in the following expenses; (i) mobilisation from the firm’s base 

(Precision Ltd, in this case) in Lilongwe to Ntchisi and return (200km), (ii) local travel  in 

Ntchisi (from one sampling plot/unit to another), (iii) accommodation, (iv) allowances for 

fieldwork (data collection) and (v) purchase of materials for Ground Control Points and 

labour involved for their construction, and (vi) data pre-processing using Precision’s 

(hiring company) equipment. Hence, the per unit area cost (labour inclusive) was 

calculated as £7ha-1. 

2.1.4 Unrestricted/freely available optical satellite imagery  

The relative costs associated with the acquisition of the optical unrestricted Earth 

Observations (EO) were based largely on the pre-paid monthly subscriptions of internet 

data bundle for the DoF, which is the key cost. Precisely, it was ~500GB per MK5,000 

(£500)13 during forest inventory preparatory period and ≥2000 GB per MK20,000 (£200) 

during the inventory, translating to £5 per ha.  The costs entail the charge for internet data 

bundle required to download imagery scenes covering the entire country. These were 

assessed from the DoF’s monthly internet bills as well as from internet supplier’s link 

https://www.airtel.mw/Consumer-Newsletter. The calculations assumed that acquisition 

of the unrestricted imagery DoF does not require separate/additional internet data bundle 

since the monthly subscriptions had been adequate to support acquisition of imagery i.e., 

Landsat observations, used during the previous inventories (Table 2) (Berry et al., 2008; 

USAID PERFORM, 2017). 

                                            
13 the current exchange rate is; £1 =1,400 Malawi Kwacha (MK)  
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 Similarly, these costs excluded expenditure on equipment hiring (workstation) and office 

space because these services are provided by the DoF on complimentary basis 

(Department of Forestry, 2012). The estimates further discounted expenses for field 

training of researchers/data collectors on the assumption that the personnel selected 

were already trained in data acquisition and analysis.  

2.1.5 RADAR satellite imagery 

Despite several key studies that employed commercial radar-based imagery within the 

African Savannah, Miombo inclusive, few have reported on the cost estimates involved 

(Cassells et al., 2009; Mitchard et al., 2013; Ryan et al., 2012; Wingate et al., 2018). The 

limited use of radar technology in the Miombo region (mostly occupied by non-Annex1 

parties) could be attributed to financial constraints that these Least Developed Countries 

(LDCs) face in that region. The scant use of the datasets could, also be attributed to the 

challenging technology behind the processing of the datasets with respect to the 

geometric and radiometric corrections, not to mention their saturation nature during 

biomass stock estimation, i.e., ~150 to 180 Mg ha−1 for cross-polarised L-band data 

(Mitchard et al., 2013; Næsset, 2015; Wingate et al., 2018).  

Hence, the reference on these cost estimations was based on the studies that used both 

commercial and freely available RADAR datasets in the various forest types i.e., Miombo, 

Temperate and Mediterranean Woodlands. In that respect, the following studies and links 

were pivotal in deriving the unit costs of £25/km2 for commercial datasets and £5/km2 for 

unrestricted datasets as displayed in Table 2; 

(i) An assessment of monitoring requirements and costs of 'Reduced Emissions from 

Deforestation and Degradation-2009 (Böttcher et al., 2009; Hummel et al., 2011), 

(ii)  Forest Resource Mapping Final Report for Implementation Phase (Department of 

Forestry, 2012), 

(iii) Synthesis of remote sensing approaches for forest carbon estimation: reporting 

to the Kyoto Protocol (Patenaude et al., 2005), 

(iv)  https://www.statista.com/statistics/1293877/commercial-satellite-imagery-cost-

worldwide/, and 
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(v)  https://skywatch.com/earthcache/overview/ 

 2.1.6 LIDAR commercial dataset. 

The cost estimates on commercial LiDAR data (Table 2) largely consider the temperate 

and boreal eco-biomes conditions where they have been extensively applied and fairly 

the Miombo Woodlands where they have been lowly used. The specific literature on cost 

estimations of commercial LiDAR studies on Miombo Woodlands of Malawi has not been 

well documented, at least to the knowledge of the author. Indisputably, this could be 

attributed to the prohibitive costs that render usage of most of such commercial EO 

expensive, especially for REDD+ non-Annex-I countries like Malawi.  

As a result, the focus of this academic study was on the research that used commercial 

LiDAR datasets in other countries and the following were key in deriving the costs (Table 

2); 

(i) Requirements for a Global Lidar System: Space borne Lidar with Wall-to-

Wall Coverage (Hancock et al., 2021), 

(ii) LiDARPheno – A Low-Cost LiDAR-Based 3D Scanning System for Leaf 

Morphological Trait Extraction (Panjvani et al., 2019), 

(iii) Forest Monitoring with Airborne Laser Scanning in Tanzania-2015 (Næsset, 

2015), 

(iv)  A comparison of accuracy and cost of LiDAR versus stand exam data for 

landscape management on the Malheur National Forest-2011 (Hummel et 

al., 2011), 

(v)  An assessment of monitoring requirements and costs of 'Reduced 

Emissions from Deforestation and Degradation-2009 (Böttcher et al., 2009; 

Hummel et al., 2011), and 

(vi)  Synthesis of remote sensing approaches for forest carbon estimation: 

reporting to the Kyoto Protocol-2005 (Panjvani et al., 2019; Patenaude et 

al., 2005). 
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2.2 Traceable Forest Inventories of Malawi (1991-2019) 

This subsection delivers a brief history of the past forest inventories conducted between 

1991 and 2019 in the Miombo Woodlands of Malawi. Among other things, it highlights the 

status of the assessments conducted by underlining the funders, data collection methods, 

spatial coverage, sampling techniques and key tree parameters focused. The subsection 

also delivers a critical analysis of the past inventories pertaining to the objectives of this 

study. 

Forest monitoring studies that use novel techniques which provide robust and accurate 

biomass measurements are not only key to the understanding the global C cycle, but they 

are also fundamental to assessing emissions from deforestation and forest degradation 

(Mitchard et al., 2013; Vafaei et al., 2018). Nonetheless, striking a balance between such 

attributes and accurate results acquired through cost-effective means remains a huge 

challenge, especially, for the LDCs and/or the non-Annex-I countries, Malawi inclusive 

(Malawi Redd+ Programme, 2015; Mitchell et al., 2017; Neeff et al., 2015; Romijn et al., 

2012).  

Unfortunately for Malawi, as aforementioned, the repercussions of the donor preferences 

come at a cost as significant inaccuracies and inconsistencies pertaining to methods and 

Standard Operating Procedures have been observed in forest inventories conducted over 

the past three decades in Malawi (Table 3) (Government of Malawi, 2019a; Kadzuwa and 

Missanjo, 2022a; McGann, 2015; Skole et al., 2021).  

Such datasets that have proven difficult to compare, thereby leading to accreditation of 

Malawi’s REDD+ efforts at a lower tier of methodological and data framework and 

accuracy (Government of Malawi, 2019a; McGann, 2015; Neeff et al., 2015; Skole et al., 

2021).Though not only particular to Malawi, but this problem has also led to a predicament 

whereby some datasets have technically not contributed to the development of robust 

NFI system especially in the LDCs practising REDD+ mechanism (Ryan et al., 2012).  

More importantly, this has hugely affected the C financial payments as of February 2023; 

Malawi had not yet received the financial C rewards. Yet, by August 2018, 18 countries 

including Democratic Republic of Congo (DRC), Ghana, and even Mozambique that 
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shares a stretch of Miombo woodlands boundary with Malawi) successfully presented 

their emission reduction programs to the Forest Carbon Partnership Facility (FCPF) of 

the World Bank in readiness for payment (Köhl et al., 2020; The World Bank, 2018).  

In October 2021, Mozambique became the first country to receive the payments to the 

tune of $6.4 million, while unfortunately, Malawi is still struggling to move on to the level 

submitting verified and acceptable forest reference emission levels (The World Bank, 

2022). 

The next illustration (Table 3) entails traceable terrestrial forest inventories conducted in 

Malawi over the 3 past decades with a focus to underscore the flaws (inaccuracies and 

inconsistencies pertaining to methods and Standard Operating Procedures) that have 

proven difficult to compare under REDD+ mechanism. The ground plot dimension of 

0.126 ha in this report has hereinafter been rounded off to 0.1ha, for simplicity. 
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Table 3. Catalogue of Traceable Forest Inventories Conducted in Malawi’s Miombo Woodlands: 1991-2019 

Study Source/ 
Author 

Funder Location & 
Data Status 

Data Collection 
System 

Sampling Design Sample 
Size 

GNSS 
used 

Parameter 
Measured  

Carbon 
Pool  

National Forest 
Inventory (1991-
93) 

DoF IDA, World 
Bank 

Nation-wide, 
P 

Pb & EO 
(Satellitenbilder) 

NA NA NA dbh, ht, clear 
length, 
species. 

AGB 

Dzalanyama 
Reserve  
(1994-95) 

DoF Global 
Environmental 
Facility 

Dzalanyama 
Reserve,  
P 

Pb NA NA NA dbh, ht, clear 
length, 
species. 

NA 

Miombo 
Inventories 
(1995-96) 

DoF FRP-DFID Chimaliro & 
Liwonde,  
NA 

Pb NA NA NA dbh, ht, clear 
length, 
species. 

AGB 

Bark Harvesting 
Project 
(2005) 

DoF FRP-DFID Phirilongwe 
Forest 
Reserve, 
NA 

Pb Randomized 
(branch) sampling - 
using K- tree 
methods  

NA NA dbh, ht, 
species. 

AGB 

Tree Planting and 
Management for 
Carbon 
Sequestration 
and Other 
Ecosystem 
Services 
(2006-2011) 

DoF and LTS 
International, 
2013 

Malawi 
Government 

Countrywide, 
E & P 

Pb Stratified random 
sampling, 30cm 
deep soil pits dug in 
the middle of the 
field, samples 
collected from 0-
10cm, 10-20cm & 
20-30cm soil depths  

300 Not 
used 

dbh, ht, root 
collar, 
diameter, 
Soil organic 
Carbon 
(SOC), litter, 
species. 

AGB, 
BGB, 
SOC, 
Litter 

Tree Survey for 
Right of Way: 
Malawi 
Mozambique 
Interconnector 
Powerline 
(2009) 

(Chirwa, M. 
Utila, H. and 
Kayambazinthu
, 2009) 

World Bank Balaka & 
Mwanza, 
E & P 

Pb & airborne 
(aerial 
photographs for 
vegetation 
identification, 
terrain & slope 
aspect). 

Systematic 
sampling, (covering 
a stretch of 75km), 
concentric nested 
circular plots of 2m, 
5m, 25m, laid at 
250m apart  

294 N/A dbh, ht, 
growth rings 
of stem disc 
for age 
determinatio
n, species. 

AGB 

Avoiding 
Unplanned 
Mosaic 
Deforestation and 
Degradation in 
Malawi  
(2008-2009) 

(Berry et al., 
2009) 

USAID- 
COMPASS II 

Mkuwazi & 
Nyika, 
E 

Pb & EO (Landsat 
7 ETM for forest 
cover detection & 
sample plot 
network 
derivation) 

Random sampling,  
square plots of 30m 
x 30m & circular 
plots of 17.84m 
radius 

203 N/A dbh, ht, cd, 
clear length, 
species. 

AGB, 
DW, 
BGB 

Biomass of 
Faidherbia albida 
under Different 
Management 
Regimes (2010) 

(Beedy et al., 
2016) 

ICRAF, 
 

Karonga, 
Bolero, 
Makanjila, 
Salima, 

Pb Complete 
randomised block 
design, 30m interval 

83 N/A dbh, ht & 
crown area 

AGB 
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Bwanje & 
Mwanza 
E 

Lake Chilwa 
Climate Change 
Adaptation 
Programme 
(2010-17) 

(Chiotha et al., 
2017) 

Royal 
Norwegian 
Embassy 

Lake Chilwa 
Basin 
(Machinga, 
Phalombe & 
Zomba), E  

Pb Random Sampling NA Not 
used 

dbh, ht, 
species. 

AGB 

Forest Resource 
Mapping under 
Forest 
Preservation 
Programme 
(2011-12) 

(Department of 
Forestry, 2012) 

Foreign Agency 
of Japan  

17 forest 
reserves 
across the 
country, 
E 

Pb & EO (ALOS-

PALSAR-1, 
AVNIR-2, PRISM 
& Google Earth 
for forest cover 
detection, sample 
plot derivation & 
assessment of 
historical 
LULUCF) 

Systematic 
sampling. Nested-
Circular nested 
plots of 5.64m & 
17.84m radius 
each, respectively. 
(0.1ha) 

278 Used dbh, ht, cd, 

clear length, 
species. 

AGB, 
DW, 
BGB 

Development of 
Integrated 
Monitoring 
Systems for 
REDD+ in the 
SADC 
(2012) 

(Mueller, 2012) SADC-GIZ Trans-
boundary 
between 
Malawi & 
Zambia, 
E 

Pb & EO (Google 
Earth & 
Rapid Eye for 
forest cover 
detection & 
sample plot 
allocation) 

Stratified random 
sampling.  
Nested T-shaped 
cluster (0.3ha) 

150 Not 
used 

dbh, ht, cd, 
clear length, 
species, 
saplings. 
 

AGB, 
DW, 
BGB 

Distribution and 
Population 
Structures of 

Adansonia 
digitata 
(2013) 

DoF Silva Terra Countrywide, 
P 

Pb Systematic random 
sampling, 500m grid 
interval 

26 sites   dbh, ht, bole 
height, cd, 
shape of 
trunk, 
species. 

AGB 

PERFORM Site-
Based Forest 
Inventory in 
Liwonde, Ntchisi 
and Perekezi 
Forest Reserves 
 (2016) 

(USAID 
PERFORM, 
2017) 

Protecting 
Ecosystems and 
Restoring 
Forests in 
Malawi 
(PERFORM) 

Liwonde, 
Ntchisi and 
Perekezi 
Forest 
Reserves, 
E & P 

Pb & EO- 
(LandSat 8 & 
ASTER DEM). 
Detection of forest 
cover, sample plot 
allocation & 
additional 
terrain/slope 
information 

Stratified random 
sampling.  
Nested T-Shaped 
Cluster (0.3ha) 

86 Not 
used 

dbh, ht, cd, 
clear length, 
species, 
saplings. 
 

AGB, 
DW, 
BGB 

Dzalanyama 
Forest Reserve 
Conservation 
Project (2017) 

(Makungwa, 
2017) 

JICA Dzalanyama 
Forest 
Reserve, 
NA 

Pb Systematic 
sampling, 2-circular 
nested plots of 
5.64m and 17.84m 

68 Not 
used 

dbh, ht, cd, 
clear length, 
species. 

AGB, 
DW, 
BGB 
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radius each 
respectively (0.1ha) 

Thuma and 
Dedza-Salima 
Escarpment 
Forest Reserves 
(2017) 

(Wildlife Action 
Group, 2018) 

Protecting 
Ecosystems and 
Restoring 
Forests in 
Malawi 
(PERFORM) 

Thuma and 
Dedza-
Salima 
Escarpment 
Forest 
Reserve, 
E & P  

Pb & EO- (Google 
Earth) 
forest cover 
estimation & 
sample plot 
allocation 

Stratified random 
sampling  
Nested T-Shaped 
Cluster (0.3ha) 

33 Not 
used 

dbh, ht, crown 
diameter, clear 
length, species. 

AGB, 
DW, 
BGB 

National Forest 
Inventory (2018) 

(Government of 
Malawi, 2019) 

Protecting 
Ecosystems and 
Restoring 
Forests in 
Malawi 
(PERFORM) 

North and 
South 
(except 
Central 
Region 
Forests), 
E & P 

Pb & EO- (Google 
Earth) 
Pre-screening and 
post stratification 
of areas (plots) 
under forest cover 

Random sampling 
T-cluster design 
6m, 12m, 20m 
radius plots (0.3ha) 

94 Not 
used 

dbh, ht, cd, clear 
length, species. 

AGB, 
DW, 
BGB 

Source: (i) Final Report on Carbon Inventory in Malawi’s Forests Capacity to Support Redd+ and National Forest Inventory Activities-March 2015 and, (ii) Malawi 

National Forest Inventory Analysis-2018.  

Key: DoF = Department of Forestry; E = Electronic; P = Printed/Hardcopy; EO = Earth Observation(s); Pb = Plot-based field measurement method; DW = Dead 

Wood; N/A = Not Applicable (information or data not Available or Applicable), ht = height, dbh = diameter at breast height, cd = crown diameter,  LULUCF = Land 

Use, Land-Use Change and Forestry, JICA = Japanese International Cooperation Agency, USAID= United States Agency for International Development, COMPASS 

= Community Partnerships for Sustainable Resource Management, SADC-GIZ = Southern African Development Community - German Agency for International 

Cooperation,  FRP-DFID = Forestry Research Programme - Department for International Development, GNSS = Global Navigation Satellite System 
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The global REDD+ scheme advocates country wide assessments of forests that are 

representative of its realms’ population either by; (i) sampling, or better-still, (ii) complete 

tally (wall-to-wall mapping), and/or (iii) a combination of the two as part of routine forest 

monitoring (Gaucher et al., 2015). While the complete tally option sounds comprehensive, 

regrettably, Malawi, since officially embracing the REDD+ mechanisms in 2014 has never 

afforded such a wall-to-wall forest survey at one go due to in adequate funds (Government 

of Malawi, 2019). The closest efforts were pursued during the 2018 ground inventories 

when all the 3 regions representing Malawi had some of their forest reserves inventoried 

(ibid.). Unfortunately, some key REDD+ forest sites in central and southern regions of the 

country i.e., Dzalanyama and Namizimu were not sampled, resulting in non-

comprehensive sample representation of the country. This could be attributed partly to 

the lack of funds compounded by non-existence of the national grid of permanent sample 

plots. 

Malawi reports to UNFCCC on climate change status through literature that focuses on 

GHGs emissions and sinks plus the associated mitigation and adaptation interventions 

(Government of Malawi, 2011; UNFCCC, 2021). Key documentation consists of the 

following reports; 

(i) National Communications (NCs), 

(ii) Biennial update Report (BuRs), 

(iii) Intended Nationally Determined Contributions (INDC), 

(iv) National REDD+ Strategy, and 

(v) Forest Reference Emission Levels (FREL) (Government of Malawi, 2011; 

Ministry of Forestry and Natural Resources, 2021). 

Malawi’s Second National Communication acknowledged uncertainties in the GHG fluxes 

reported in 2011 and attributed them to the use of default (Tier 3) values/methods 

(Government of Malawi, 2011). The report indicated that the Forestry and Other Land 

Use (FOLU) subsector contributed significantly both as a net source of CO2 (19,243 Gg) 

and a sink of CO2 (889.4 Gg). While these source values are almost 20 times larger than 
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the sink values, the report revealed that much of the sink function is explained by the 

individual trees grown outside forests and on abandoned croplands i.e., those managed 

under agroforestry systems which unfortunately are often are not sampled during the 

ground-based forest inventories (Skole et al., 2021). 

A different report indicated that deforestation alone in Malawi accounted for 1,236,631 

tonnes of carbon dioxide equivalent per year (tCO2e.yr-1) during the period 2006-2016 

(Ministry of Natural Resouces Energy and Mining, 2019). However, this was deemed a 

misrepresentation by a key study which estimated the contribution of deforestation and 

degradation from 2010 to 2015 to be 4.28 × 106 tCO2e yr−1 and 3.49 × 106 tCO2e yr−1, 

respectively (Skole et al., 2021). The later findings, however, are statistically closer to 

those reported by Malawi’s Third National Communication which estimated 315.61 Gg 

CO2e yr−1 as of 2017 (Ministry of Forestry and Natural Resources, 2021). The 

inconsistencies in generating the GHG emissions estimations can be attributed partly to 

lack of using a wall-wall PSPs structure that would have generated values from 

institutionalised locations with consistent comparisons, though at a cost. 

To circumvent this challenge, most studies have advocated the use of satellite imagery 

that provide wall-to-wall coverage. More importantly, the introduction of the free/ 

unrestricted EO datasets with moderate to high spatial resolution has tried to solve this 

challenge. 

Hence, it was in the interest of this research to follow this course and fill the knowledge 

gap by integrating the ground-based forest inventory datasets with the global coverage 

of the unrestricted imagery from the ALOS-PALSAR- Sentinel 1 and 2, and ESA-CCI 

Biomass Map satellite missions in Malawi’s Miombo Woodlands operating under the 

REDD+ project. 

The next two figures portray site-based plot measurements field experience and the 

distribution of the donor-funded site-based inventories conducted over under the REDD+ 

mechanism during the past recent years in Malawi. 
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Figure 1. Site-based plot measurements-Ntchisi Forest-2019; (Top)-Crown diameter measurements 
taken from the long and short axes of the crown intersected at 900, and (Bottom) – Verification of 
horizontal distance from plot-centre to tree using a linear tape. 



   
 

34 
 
 

 

Figure 2. Map of fragmented site-based inventories under REDD+ mechanism in Malawi (2011- 2016); 
funded by different donors, bearing varied sampling designs, different sampling unit-plot configurations, 
besides using varied allometry for AGB calculations. Source: Malawi National Forest Inventory 2018 
Analysis Report. 

The piece-meal ground inventories highlighted in the maps above do not only reflect the 

financial constraints encountered by Malawi, they, on the other hand, call for an 

encompassing solution that would curtail these inventory challenges associated with data 

and methods while making advances under the REDD+ umbrella. Recently, there has 

been an increase in the use of low-cost optical SfM photogrammetric datasets acquired 

through UAVs to improve forest monitoring in the tropical woodlands of non-Annex I 

parties practising REDD+ mechanism (Angelsen, 2008; DeFries et al., 2007; Dube and 



   
 

35 
 
 

Mutanga, 2015; Kachamba et al., 2016; Kamusoko et al., 2014; McNicol et al., 2018; 

Michelakis et al., 2015; Mlambo et al., 2017; Ryan et al., 2012).  

2.3 Miombo Woodland Distribution and Ecology 

The Miombo Woodlands (hereinafter ‘Miombo’ for short), or interchangeably referred to 

as ‘woodlands’, are seasonally dry ecosystems which can be characterised by an open 

tree canopy and a contiguous grass layer (McNicol et al., 2018). They are a type of 

Savannah located in the Southern Africa and dominated by trees of the sub-family 

Caesalpinioideae of the Leguminosae, belonging to the genera Brachystegia, 

Julbernardia and Isoberlinia (Chidumayo, 1987).  

   

Figure 3. Miombo Woodland Outlook-Ntchisi Forest Reserve; (a) sparse distribution showing open canopy 
closure dominated by Brachystegia species inside forest, and (b) intermix of grass and sparsely distributed 
Miombo trees at the forest edge. 

The Miombo are recognised by their floristic richness and widespread swathe (~2.7 

million km2) of the African sub-humid tropic zone, stretching from DRC, Angola and 

Tanzania in the north, through Zambia, Malawi and Mozambique, up to parts of Botswana 

in the south (Figure 4) (Campbell et al., 2007; Kayambazinthu et al., 2005). The Miombo 

eco-biome experiences a mean annual precipitation range of 650-1,500mm. More than 

95% of annual rainfall occurs during a single 5-7months’ wet season, thus from 

October/November to March/April (Cauldwell and Zieger, 2000; Chidumayo, 1997; 

(a) 

 

(b) 
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Desanker et al., 1997; Frost, 1996). Notably, a few sites within the region receive more 

than 5% of their total mean annual rainfall during the dry months.  

The Miombo Woodlands are divided into dry and wet categories, following their rainfall 

pattern in zone of occurrence (Chidumayo, 1994). Dry Miombo occur in the south portion 

of Southern Africa region, precisely Malawi, Mozambique, and Zimbabwe, in areas 

receiving less than 1,000mm of rainfall annually (Ribeiro et al., 2015). In contrast, the wet 

Miombo Woodlands exist widely in the eastern Angola, DRC, northern Zambia, south-

western Tanzania, and central Malawi, specifically within areas receiving >1,000mm 

rainfall per annum (Ribeiro et al., 2015). 

The Miombo ecosystem occurs in geologically old and nutrient-poor soils with the 

dominant soils belonging to the order Oxisol (Chidumayo, 1997; Frost, 1996). These are 

highly weathered old soils dominated by aluminium, iron oxides and low-activity clays. 

They are typically acidic (pH between 4.2 and 6.9) and contain low Cation Exchange 

Capacity (CEC:1.80-25.10 me100/g) (Chidumayo, 1997). They are further characterised 

by low ranges of essential elements i.e., 0.02-0.62% for nitrogen, 0-54 ppm for 

phosphorous while the Total Exchangeable Bases (TEB) is 0.35-20.78 me100/g (ibid). 

The soils portray a low range of carbon content (0.3-3.8%) and low concentration of 

organic matter, with an average of 1% and 2% in the topsoil for dry and wet Miombo, 

respectively (Chidumayo, 1997; Ribeiro et al., 2015; Walker and Desanker, 2004). These 

can be attributed to the abundant termite activities and frequent fire incidences that the 

woodlands experience (Cauldwell and Zieger, 2000; Chidumayo, 1997).  
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(iii) customary land forests (8,843 km2) (Government of Malawi, 2019a; Ribeiro et al., 

2015). 

The woodlands provide a wide range of biophysical ecosystem goods and services that 

ensure sustainability of the environment and livelihoods of people, especially to those 

living within their vicinity. These range from food, fuelwood, fibre medicine, construction 

material in form of timber, poles, sticks, and stakes, to large scale biodiversity 

conservation, maintenance of the global C cycle, soil, and water management services 

(Kayambazinthu et al., 2005; Ribeiro et al., 2015).  

About 15 million urban dwellers within the Miombo Woodlands of Southern Africa 

depended on wood or charcoal as source of energy around 1990 (Campbell, 1996). 

Nevertheless, >96% of Malawi’s population relies on the woodland largely for fuelwood 

in form of charcoal and firewood (Drigo, 2019; Ministry of Natural Resources, Energy and 

Mining, 2017). Most recent statistics show that wood biomass as of 2019, accounted to 

~89% of Malawi’s national energy consumption budget, most of which was extracted from 

the woodlands (Mulvaney et al., 2011; Neeff et al., 2015).  

The forest products and services in Malawi contribute 6.9% of the country’s GDP through; 

domestic and export product sales, employment, and tourism (Drigo, 2019; Ministry of 

Natural Resources, Energy and Mining, 2017). Besides, the woodlands are a source of 

wide range non-timber products which include; fruits, bush meat, edible insects and 

caterpillars, bees wax, honey, traditional medicines, mushroom and materials for tool 

handles and household utensils (Gumbo et al., 2018; Ngulube, et al., 1999; Ryan et al., 

2012). Extraction of these products and services from the woodlands simultaneously 

offers employment and income through their sales and remittances (Kerr, 2005). 

As mentioned earlier, forests (which are dominated by the Miombo) in Malawi also act 

as both the main net source and sink of CO2 thus, (19,242.86 Gg) and (889.4 Gg), 

respectively (Government of Malawi, 2017, 2011).The woodlands are further depended 

for agriculture as they are encroached through opening new farmland that involves 

clearing of trees. This has hugely affected forest biomass and C stocks to the extent that 
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density patterns, tree size and leaf dynamics (ibid). These studies observed further that 

such attributes are influenced by anthropogenic factors such as land use, i.e., harvesting 

and farming that consist of cropping, pasture, fire and walking habits of herbivores, inter 

alia. While the soil type exemplifies a natural factor, cumulatively these aspects contribute 

to the development of vegetative mosaics that alternate between closed and open 

canopies (Frost, 1996; Kamusoko et al., 2014). The intermix of wooded grassland and 

bushland mosaics (Figure 3b) render difficulties to distinctly quantify the trees’ biophysical 

properties such as canopy cover and structure in remotely sensed imagery (ibid.).  

Miombo cover is influenced by significant seasonal changes that vary according to 

water/moisture availability and correspondingly to a particular period of season 

(Kamusoko et al., 2014; Zimba et al., 2022). While the flush of new leaves occurs prior to 

start of the rainy season (Frost, 1996), their full development in Miombo trees takes place 

during the peak/mid rainy season, thus between January and March. Leaf development 

serves to provide biomass detectability in EO (Figure 6). However, cloud cover peaks 

during the same period (Lupala et al., 2015) and potentially leads to insignificant variation 

in tree leaf detectability in terms of spectral signature (Kamusoko et al., 2014). This 

artefact compromises the quality of EO and further renders difficulties in imagery 

interpretation. Hence, cloud cover highly contributes to compromised accuracy in 

biomass and C estimations of the Miombo and in the end, this predicament jeopardises 

remote sensing studies using optical sensors. As a result, there is usually scant data and 

studies on Miombo, particularly those that relate tree biomass to spectral detectability or 

remote sensing in general (Bouvet et al., 2018; McNicol et al., 2018). 

During leaf-fall, in the dry season (May-October), Miombo provide a limited window for 

RS that uses optical data (Figures 6) though there is less cloud cover (Nyasulu et al., 

2020; Phiri and Nyirenda, 2022). This is due to the shedding of leaves and loss of 

moisture which facilitate biomass detection since the detectability of vegetation largely 

depends on moisture content and leaf biomass (Chidumayo, 2001; González-Jaramillo 

et al., 2019; Morsdorf et al., 2009). However, the loss of moisture also affects biomass 

detection when using SAR measurements since the backscatter intensity is a function of 
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the surface moisture, inter alia, (Woodhouse, 2006). The figure next displays proposed 

mapping windows for Miombo Woodlands using remote sensing in Malawi. 

 

 

Figure 6. Proposed EO data acquisition windows for Malawi’s Miombo Woodlands; rainy season providing 
better window in contrast to dry season (though with cloud cover between January and April), rendering 
challenges for optical remote sensing. 

 

The chart above suggests the rainy season as an ideal period for optical EO acquisition 

in contrast to the dry season though it is also cautious about the presence of cloud cover 

particularly between January and April. The information was presented to the forestry 

sector of Malawi (Department of Forestry inclusive) at a workshop entitled ‘ESA Dry 

Forest Mapping’ held in Lilongwe in 2015. It was organised by GAF-AG of Germany under 

the sponsorship of the European Space Agency (ESA).  

Despite the proposed/ideal windows for RS, no documented attempt was made to 

validate the suggested periods in relation to biomass assessments in Malawi’s Miombo 

Source: ESA- GAF-AG Dry Forest Mapping Workshop, April 2015, - Malawi  
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Woodlands, at least to the author’s knowledge. Hence, it was in the interest of this study 

to bridge this knowledge gap by conducting a survey that detects AGB and crown pattern 

using EO covering both windows and validating the results using ground-based 

measurements.  

Due to significant vegetation biomass changes shown during leaf-on and leaf-fall periods, 

studies encourage acquisition of multi-seasonal data i.e., post-rainy and dry seasons (in 

contrast to mono-season) to account for seasonality or vegetation phenology variations 

not only in Miombo (Kamusoko et al., 2014). Unfortunately, the minimal key studies that 

covered mapping of Miombo also used single-date satellite imagery most of which failed 

to capture dynamic vegetation changes in the Miombo ecosystem (Chidumayo and 

Gumbo, 2010).  

2.4 Forest Carbon Pools and National Forest Monitoring System  

The key role of forests with regards to Climate Change has been recognised as a C sink 

whose domain contains above and below-ground terrestrial regenerative C stored as 

biomass (Dixon et al., 2011; Novotný et al., 2020). Such recognition prompted 

categorisation of forest biomass into five main pools as follows; (i) AGB, (ii) Below Ground 

Biomass (BGB), (iii) Deadwood, (iv) Litter, and (v) Soil Organic Carbon (SOC), (Table 4) 

(Bhattarai et al., 2016; Goetz and Dubayah, 2011).  

The AGB pool constitutes the majority of woody biomass in tropical forests, besides it is 

relatively easy and cost-effective to measure when used as a study parameter, compared 

to the BGB which involves destruction sampling (Government of Malawi, 2019a; Iman, et 

al., 2017; Kachamba et al., 2016; Novotný et al., 2020; USAID PERFORM, 2017). Hence, 

the AGB is the mostly frequently used pool in biomass studies (Iman, et al., 2017). 

The table below covers a description of the main C pools as adopted by the Malawi 

REDD+ programme. 
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Table 4. Five Global Key Forest Pools for Estimating Biomass and Carbon Adopted by Malawi 

Carbon Pool Description 

Above Ground Biomass 
(AGB) 

Woody and herbaceous biomass of living vegetation above the soil surface 
that includes; trees, shrubs, palms, bamboo, vines and other living plants. 

Below Ground Biomass 
(BGB) 

Biomass of live roots >2 mm diameter that includes; the coarse roots, trees, 
shrubs, and other living plants.  

Dead Wood Non-living woody biomass that is larger than the litter pool. It includes both 
standing deadwood and down deadwood lying on the surface >15cm 
diameter. 

Litter Non-living biomass on the soil surface that is larger than the soil organic 
matter (>2mm) and smaller than the dead wood (<15cm). 

Soil Organic Carbon (SOC) Organic carbon in mineral or organic soils to a specified depth (30cm is the 
default depth, but sometimes measured up to 1m deep). 

Source: (Bhattarai et al., 2016; Ministry of Natural Resources Energy and Mining, 2016). 

Tree parameters measured from the C pools during forest inventories may slightly vary, 

but the six main elements include; (i) species, (ii) height (ht), (iii), diameter at breast height 

(dbh), (iv) crown diameter or canopy cover (v) stocking density, and (vi) stand density 

(Appendix I). 

As the REDD+ global standards have been laid for comparability and repeatability's sake, 

they govern the recognition of measuring parameters and C pools that include definitions 

of forest, deforestation, and forest degradation (Romijn et al., 2012). A country’s definition 

of ‘forest’ may vary contextually, but fundamentally originates from the one developed by 

the Food and Agriculture Organization of the United Nations (FAO-UN) which describes 

‘forest’ as ‘land spanning >0.5 hectares with trees >5 meters and a canopy cover of >10%, 

or trees able to reach these thresholds in-situ’ (https://www.fao.org/). The definition is 

exclusive to land that is predominantly under agricultural or urban land use. 

Malawi’s definition of forest reflects the country’s national LULC system as used for 

mapping purposes, and it refers to ‘land with woody vegetation that has a dominant class 

in a minimum mapping area of 0.5 ha, with a minimum 10% crown closure and a potential 

height of 5 meters at maturity’ (Ministry of Natural Resouces Energy and Mining, 2019). 
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Invariably, deforestation is defined as the conversion of forest to another land-use or the 

long-term reduction of the tree canopy cover below the minimum 10% threshold ([FAO] 

Food and Agriculture Organization, 2020). Both deforestation and forest degradation 

remain key challenges that contribute highly to C emissions as explained earlier, yet their 

estimation and documentation is characterised by inconsistencies and large uncertainties 

in Malawi (Haack et al., 2015; Skole et al., 2021).  

The aspect of estimating biomass and C stocks is a pre-eminent step in accounting for 

forest goods and ecosystem services under REDD+ mechanism (The World Bank, 2018). 

The diagram next depicts the schematic set up of the REDD+ mandatory pre-requisites 

in relation to the pillars that construe the NFMS element. 

 

Figure 7. Mandatory requirements and NFMS pillars adopted by REDD+ Project and the National Green 
House Gas Inventory in Malawi. Their strict adherence leads to carbon payment accreditation. 

However, prior to realisation of C payments, the REDD+ mechanism requires 

institutionalisation of the following five core elements, visa-a-vis; (i) National REDD+ 

Strategy/Action Plan, (ii) Safeguard Information System, (iii) National Forest Reference 

(Emission) Level, (iv) National Forest Monitoring System (NFMS), and (v) Report on the 

Results of the National REDD+ (Figure 7) (Goetz and Dubayah, 2011; Government of 

Malawi, 2011; Malawi Redd+ Programme, 2015; Neeff et al., 2015). 

Key: GIS= Geographical Information Science; RS=Remote Sensing; GHG= Greenhouse Gas. 
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The National Forest Monitoring System (NFMS) refers to a system for recording and 

monitoring land use while developing data on fluxes of GHG emissions and removals 

related to forests with the aim to assess performance of REDD+ activities (Hugel et al., 

2018).  

Implementation of the national GHG emission inventories and REDD+ schemes hinge on 

the development of MRV guidelines which are based on knowledge of the extent, C 

density and change of forested areas (Duncanson et al., 2014). Since REDD+ is 

established on the fundamental premise of payment-for-performance, requiring an 

account of forest biomass losses and associated C emissions and/or enhancing C sinks, 

it is imperative that such measurements are not only accurate, but also repeatable (Goetz 

and Dubayah, 2011; Goetz et al., 2015; Köhl et al., 2020). 

While each of the REDD+ requirements (Figure 7) are reliant on technologies for forest 

measurement and monitoring that requires financial backstopping, the pivotal constraint 

with most developing countries, Malawi inclusive, has been inadequate financial 

resources to support operations that would be done to satisfy these conditions effectively 

(Goetz et al., 2015; Neeff et al., 2015; Romijn et al., 2012).  

One of the central stages prior to accruing REDD+ carbon payments involve rigorous data 

collection that is followed by calculation of emission reductions (Nomura et al., 2019). The 

process includes acquisition of the extent of Forest-related emissions/Reference Levels 

(RLs), MRV, and safeguards through a procedure known as forest inventory (Nomura et 

al., 2019; The World Bank, 2018). Generation of the RLs is based on the historical rate 

of emissions and adjusted if necessary to account for national circumstances (ibid). The 

level of emissions emanating from the implementation of REDD+ activities is calculated 

by comparing MRV emission reductions to RL which is regarded as a benchmark rate 

(Goetz et al., 2015; Ministry of Natural Resouces Energy and Mining, 2019). 

Unfortunately, under the current plot-based inventory system, Malawi’s key report Forest 

Reference Emissions Level was rejected due to inconsistencies observed in the methods 

and data employed (UNFCCC, 2021). 
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The transition from reliance on plot-based measurements only to their integration with EO 

is recognised as a remarkable stride in REDD+ monitoring systems, precisely among 

non-Annex 1 parties (Fankhauser et al., 2018; Kachamba et al., 2016; Moreno et al., 

2016; Wang et al., 2009). Regrettably, comprehensive forest inventories are conducted 

at a prohibitive cost for Malawi and other LDCs, as a result these countries resort to the 

traditional ground-based system that often sample across small areas. This is against the 

REDD+ criteria which advocates integration of the remote sensing technology for more 

expanded, consistent, accurate and monitoring (Goetz et al., 2015; Romijn et al., 2012). 

In addition, (Goetz et al., 2015) noted that to meet the REDD+ requirements, consistent 

and repeatable measurements must be attained through integration of RS i.e., validation 

and calibration of remotely sensed estimates using ground-based measurements.  

However, due to the afore-mentioned constraints that largely hinge on methodology, 

costs and data quality, Malawi is yet to attain the expected REDD+ standards in 

consistently tracking down the forest related C emissions (acquired through biomass 

estimation) and receive C payments (Ministry of Natural Resouces Energy and Mining, 

2019; UNFCCC, 2021).  

2.5 Forest Inventory Parameters of Success in Malawi  

Though integration of EO with terrestrial forest measurements is key to accuracy 

enhancement of biomass estimates under the global REDD+ mechanism, it has unluckily, 

not yet been accorded as a mandatory requirement in Malawi’s Standard Operating 

Procedures (SOPs) for estimating AGB (Government of Malawi, 2011; Skole and Samek, 

2016). This is in comparison with other African REDD+ member states that employ 

satellite EO and have further registered incredible strides such as Uganda, DRC, 

Tanzania and Mozambique (Köhl et al., 2020; The World Bank, 2018). 

Critical to the NFMS remains the tracking of forest C sinks and emissions which is also 

fundamental to an MRV system that relies upon forest inventories to consistently generate 

data (UNFCCC, 2014). While NFI acts as the primary source to estimate country level 

biomass, particularly AGB estimates, such exercises are ensured to be temporally 
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accurate, bear exceptionally fine spatially scaled and accurate data at an appropriate cost 

(Goodbody et al., 2017; Hilker et al., 2008). However, standards of such requirements 

and recommendations respective to most tropical forests have been scant. While those 

available for Miombo have ranged from being country-specific to site-based, it leaves an 

open question as to how accurate and robust their national spatial and temporal scales 

should be to attain the REDD+ standards (Government of Malawi, 2019a; Mueller, 2012; 

Neeff et al., 2015). 

Integration of RS methods into datasets acquired via classical means in forest ecology 

studies indispensably demands in-depth understanding of their relative strengths and 

weaknesses on biomass retrieval (Bond et al., 2010; Köhl et al., 2020; Romijn et al., 

2012). In this regard, various temporal and spatial resolutions plus the costs incurred 

during biomass estimates are central to the success of the assessments, especially 

among the non-Annex-I parties which experience funding limitations (ibid). Hence, in the 

context of Malawi, this forms the gist of this academic study that focused on enhancing 

accuracy, spatial and temporal coverage while minimising costs incurred during 

monitoring of Miombo biomass and carbon fluctuations. 

Thorough examination on the ‘Roadmap for Developing Malawi’s NFMS’ as well as the 

meta-analysis of Malawi’s LULC Mapping Standards reveals that they emphasised to 

conduct forest inventories every 5 years in Miombo Woodlands to bolster the forest 

monitoring system (McGann, 2015; Neeff et al., 2015). In the same regard, local studies 

in Malawi indirectly highlighted the overall key standards acceptable on mapping 

accuracy (uncertainty) as ~85% Confidence Interval with 10% precision error (McGann, 

2015; Miewald and Oduor, 2014; Neeff et al., 2015). 

Though this was received with substantial interest by the Malawi REDD+ fraternity, critical 

analysis on LULC/inventory studies conducted in 2010 and sponsored by different 

organisations, i.e., (i) JICA, (ii) FAO and (iii) RMCRD/US-EPA revealed a series of overall 

mapping accuracies; 87.6%, ~80%, and 89.2%, respectively, that were accepted in the 

country (Department of Forestry, 2012; Haack et al., 2015; Neeff et al., 2015). Therefore, 
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this academic research inferred on such standards which were later adopted as the 

benchmark for the succeeding forest inventory exercises (Miewald and Oduor, 2014), 

unless officially documented otherwise, thus, not to the knowledge of the author. 

The NFMS Roadmap study further recommended that a sum of $100,000 (£76, 92314) 

was required to support the Malawi’s NFI system to attain the standards of the global 

REDD+ mechanism (Neeff et al., 2015). Naively, the study never estimated the key costs 

required for a single NFI exercise, not even on sampling unit plot or hectare basis, despite 

the existing plot configurations of 0.1ha (20m circular plots) or 0.3ha for the 3-T cluster 

circles (of 20m radius each) (Table 3 and Figure 5) (Department of Forestry, 2012; Neeff 

et al., 2015).  

Despite this, an international plot-based forest inventory study conducted in 2012 

calculated a range of €3.37-€4.04 per km2, ceteris paribus, as an average cost for a 

terrestrial inventory (Mueller, 2012). The study sponsored by the SADC-GIZ15, covered 

the Miombo Woodlands of Malawi, Zambia and Botswana. This incumbent study, 

however, estimated the inventory costs by factoring-in inflation and/or depreciation of the 

Malawi Kwacha currency between 2012 and 2019. These years account for the period 

when the previous forest inventories occurred as well as the data collection year for this 

current research. The calculations factored-in 20% as the maximum inflation value per 

km2 i.e., (€348 per plot of 0.3ha + 20% = €417 per plot of 0.3ha or simply £36016 per plot 

of 0.1ha). Therefore, for simplicity's sake, in this study, £360 per plot of 0.3ha or (£30 per 

ha per person, Table 2) is calculated as the standard cost for terrestrial forest inventory 

under the studied conditions of the Malawi’s Miombo Woodlands.  

In summary, this incumbent study presents the NFI parameters of success in Malawi (as 

synthesized from the literature reviewed and from the experience of the ground-based 

inventories) as follows;  

                                            
14The exchange rate was £1= $1.30 in 2015 
15 SADC-GIZ = Southern African Development Community- Deutsche Gesellschaft für Internationale Zusammenarbeit GmbH, 
16  The exchange rate was £1= €1.16 in 2012 
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(i) 80-95% overall mapping accuracy obtained at 95% Confidence Interval (CI) 

and ≤10% precision error (Miewald and Oduor, 2014; Neeff et al., 2015; 

Saunders, 2014), and 

(ii)  £30 per ha per person as an average cost of ground-based inventory (Malawi 

Redd+ Programme, 2015; Miewald and Oduor, 2014; Mueller, 2012). 

2.6 Generic Remote Sensing Techniques  

This subsection delivers the concept of remote sensing by highlighting its concise history 

as used under forest monitoring. It provides a critical analysis of the application of the 

remote sensing in Malawi’s Miombo Woodlands with reference to the previous forest 

inventories conducted. 

The reliance on remote sensing (RS) for acquisition of information about environmental 

processes can be traced to have been triggered by the launch of the first earth 

observatory satellite for forestland monitoring called Earth Resources Technology 

Satellite (ERTS) in July 1972 (Kondratyev et al., 1973). The satellite mission was 

launched by the United States of America, and it was later renamed LandSat.  

Remotely sensed forest ecology data such as Earth Observations (EO) provide enhanced 

and feasible alternative besides complimenting manual observations with a short revisit 

time, referred to as temporal resolution (Lechner et al., 2020; Ribeiro et al., 2012). An 

increase in the availability of freely available and unrestricted EO has equally rendered 

enhanced access of global datasets with frequent revisit time and improved coverage 

(Alleaume et al., 2018). Notwithstanding the repeatable observations over large areas 

that would prohibitively be costly and time-consuming, RS also provides access to a 

consistent and large historical archive that characterises change detection such as land 

use and land cover formations, i.e., LandSat that spans over 40 years with space-based 

land surface observations (Roy et al., 2016).  

The technology has been used for mapping the distribution of forest ecosystems, global 

fluctuations in plant productivity with season, and the 3D structure of forests, involving 
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identification, locating and characterisation of object features (Lechner et al., 2020). 

Among others, EO are preferred due to their improved spatial resolution and wall-to-wall 

coverage, thus even in areas that would have been rendered inaccessible and 

consequently left un-surveyed in contrast to ground-based measurements (Westoby et 

al., 2012). Most of vegetation assessments retrieved from RS studies have proven 

indispensable to improving bottom-up C flux estimates due to their incorporation of both 

changes in forest extent and biomass density (Duncanson et al., 2014).  

 However, the extent and quality of the estimates depends on the type of sensor used. It 

is, therefore, fundamental to understand the nature of an object feature under RS as it 

determines the instruments and type of sensor to be used. Correspondingly, it determines 

the platform on which to mount the sensor. These attributes warrant a RS system to be 

characterised as either active or passive, thus depending on their sensor’s sensitivities 

and artefacts.  

2.6.1 Passive remote sensing  

Passive sensors measure illumination or energy radiated as emission or reflected from 

the sun or other radiating objects by Earth’s surface or atmosphere (Woodhouse, 2006). 

While there are passive microwave sensors used to generate global biomass maps using 

“vegetation optical depth” (VOD) methods (B. Li et al., 2021; Moesinger et al., 2022; 

Zhang et al., 2021), the term ‘passive’ as applied under RS in this study is interchangeably 

used with ‘optical’ and denotes a condition where solar energy is reflected from the Earth’s 

surface as the sensor does not actively emit its own radiation (Lechner et al., 2020; 

Woodhouse, 2006).  

Passive sensors highlighted in this study operate within the four regions of the 

electromagnetic spectrum (EMS) ~ 0.4 - 2.5μm, namely; (i) Visible (Vis), (ii) Near-

InfraRed (NIR), (iii) Short-Wave Infrared (SWIR), and (iv) Thermal Infrared (TIR) (Figure 

8). Notable satellites with passive sensors aboard include; LandSat, Sentinel-2, Rapid 

Eye and, ASTER and MODIS aboard Terra and Aqua missions. The next figure shows 

the range of wavelength regions within the EMS.  
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Figure 8. Electro-magnetic Spectrum (EMS) Remote Sensing Windows arranged from Low to High 
Wavelength Regions. Key: SRS=Satellite Remote Sensing. 

Source: https://www.researchgate.net/figure/The-spectrum-of-electromagnetic-radiation-not-to-scale-and-
its-use-in-satellite_fig1_324537528 

 Both passive and active sensors may employ a range of bandwidth depending on the 

purpose for which they were designed, and characteristics that affect the spatial and 

spectral quality i.e., accuracy of the Earth Observations retrieved (Matsuoka et al., 2013). 

While the most common regions of the EMS employed for monitoring vegetation under 

passive sensors include; (i) Visible, (ii) NIR and (iii) SWIR; the ones preferably used in 

vegetation studies (forestry inclusive) are NIR and SWIR wavelengths due to their high 

reflectance on vegetation (Fitzgerald, 2010). Studies on multisource data comparisons 

noted that optical datasets have a complementary role as their integration to RS methods 

increases biomass estimation accuracy (Avitabile et al., 2011).  
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Figure 9. Vegetation Spectrum showing the percentage of reflectance and spectral signature in micrometers 
(µm); absorption in the Red and Blue wavelengths, and reflection in the Green and Near Infrared (NIR) 
wavelengths. Source: GAFAG, 2019. Cloud Based Forest Monitoring Workshop, Munich-Germany. 

Vegetation spectrum reflectance entails a synthesis of reflection from structure and 

texture of plant parts and canopies (Roy, 1989). Since leaf cover and canopy 

development is related to many plant and canopy variables, majority of the studies have 

for years used the normalized difference vegetation index (NDVI) to relate to many 

important plant characteristics such as leaf area index to aboveground biomass 

(Fitzgerald, 2010; Roy, 1989). Therefore, NDVI simply refers to a graphical indicator most 

widely characterised in plant studies which is correlated with green leaf cover and 

consequently biomass set by the plant physiology i.e., canopy (ibid). 

However, the use of NDVI in characterising green leaf cover and biomass in Miombo 

Woodlands and other vegetation is limited by the leaf phenology and seasonality that 

render it useful only during the wet season when trees and other vegetation put on leaves, 

in contrast to the dry season when they are shed-off and/or damaged by fire (Pettorelli et 

al., 2005; Ribeiro et al., 2012).  

A study on Miombo canopy land surface temperature and phenological phase and 

showed that Normalized Difference Water Index (NDWI) and NDVI, (as indicators of water 
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content and plant physiology, respectively) begin to decline immediately following the end 

of the rainy season in early April (Zimba et al., 2022). 

Documented evidence on forest inventories conducted since 2009 to date in Malawi 

indicates that only 38% (6 out of 16) surveys attempted to integrate EO data acquired 

from passive and active satellite mission sensors, though at a very basic level (Table 3), 

at least to the knowledge of the author (Department of Forestry, 2012; Government of 

Malawi, 2019a). While 31% of the studies managed to employ RS for stratification and 

sampling purposes, only 6% (one) attempted to use RS at the estimation stage of biomass 

and C (Table 3). Among the 31%, one was conducted in Mkuwazi and Nyika protected 

area whereby it engaged data sets acquired by passive sensors of the LandSat 7 ETM+ 

imagery areas for stratification sampling during forest inventory (Berry et al., 2009) 

Disregarding these low statistics, one unresolved area is that the Mkuwazi and Nyika 

study did not use the EO to model and quantify forest biomass and C changes, and 

neither did it attempt to scale up the gb measurements by using low-cost airborne imagery 

as a means of enhancing coverage and accuracy of the estimates.  

Another key transboundary Miombo Woodland study conducted from 2012 used 

RapidEye and Google Earth imagery to stratify and sample plots spanning eastern 

Zambia and central-western Malawi (Mueller, 2012). While the merit of this study lies in 

the introduction of the T-cluster sample plot-design which complies with the global 

REDD+ mechanism standards; it nonetheless did not explore whether low-cost i.e., 

unrestricted access EO could alternatively be used for estimating biomass given the 

conditions of the Malawi’s Miombo Woodlands, though notwithstanding the imagery’s 

commercial status.  

Despite being widely used, the LandSat 8 satellite imagery bands are known to generate 

a low correlation with vegetation biophysical properties such as biomass due to their 

coarse spatial resolution of 30m (Puliti et al., 2018). In a different study, the LandSat 8 

EO (datasets acquired from passive sensors) were used to stratify forest cover areas and 

derive sample plot-network, thus at a design stage in Liwonde, Ntchisi and Perekezi 
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Miombo Woodlands of Malawi (2016) (Table 3). It remained an open question whether 

the ground-based measurements (with sampling plots units of 1257m2) could have been 

further employed for validation and/or calibration of these free access Earth Observations 

(30m spatial resolution or 900m2) to enhance accuracy of the biomass estimates. This is 

due to the scale mismatch between the sampling plot size and the Landsat imagery pixel 

resolution. 

In addition, despite the coarse resolution, it is also clear that there was never an attempt 

to step up the efforts to explore a correlation characterise the relationship between the 

individual tree metrics (height, crown diameter and dbh) and AGB generated from the 

ground-based measurements and their corresponding measurements from the wall-to-

wall imagery datasets. 

Another study employed Google Earth platform imagery for pre-screening forest ground 

sample plots, when Malawi attempted to conduct a National Forest Inventory in 2018 

(Government of Malawi, 2019a). Nevertheless, the design of the study, as previously 

mentioned was somehow subjective as it skipped most of the protected (forest and wildlife 

reserves, national parks and other forestlands) that significantly represent the Miombo 

Woodlands of central Malawi (Figure 10). Besides, the Google Earth imagery provided 

relative coarse resolution for ground sampling accuracy of the in-situ plots (0.1ha) to the 

extent that stratification accuracy was highly compromised, i.e., most of the crop fields 

were misclassified as forestlands in the northern region. Such a predicament triggered 

the need for this incumbent academic study to employ EO of medium to fine resolution 

i.e., radar backscatter imagery from ALOS-PALSAR, S1, S2 and ESA CCI Biomass Map 

datasets (with unrestricted access) and the low-cost but VHR optical UAV airborne 

orthomosaics (Figure 11) to enhance accuracy and coverage of the AGB estimates.  

Studies on multisource data comparisons noted that optical datasets have a 

complementary role as their integration to RS methods increases biomass estimation 

accuracy (Avitabile et al., 2011).  
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Figure 10. 2018 NFI Sample Plot Distribution without key Central and Southern Region Protected Forests 

of Malawi (denoted as previously inventoried). The exclusion of these key forests rendered the 2018 

inventory non-representative. Source: Malawi National Forest Inventory 2018 Analysis Report (Government 

of Malawi, 2019a).  
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2.6.2 Active remote sensing 

In contrast to passive remote sensors, active sensors generate their own illumination by 

transmitting pulses of microwave radiation (i.e., Radio Detection and Ranging, 

abbreviated as RADAR) and then use specialized receiver system to measure reflected 

(or more precisely, scattered) signal from the area of interest (AOI) (Woodhouse, 2006), 

while the Light Detection And Ranging (LiDAR) sensor transmit visible/NIR radiation (K. 

Liu et al., 2017; Silva et al., 2021). Some of the active sensors aboard satellite missions 

that use RADAR system include; ERS, RADARSAT, ALOS-PALSAR, and Sentinel-1. 

These primarily, but not exclusively, use the wavelengths greater than 3cm (<10GHz) 

where the atmosphere becomes transparent (Woodhouse, 2006).  

A study on generation of a benchmark of forest carbon stocks in tropical regions across 

America, sub-Saharan Africa (covering Malawi and other countries), and Southeast Asia 

Figure 11. Miombo tree canopy density aerial view of Ntchisi Forest acquired by fine spatial resolution 
optical sensor aboard DJI-Phantom 4 Pro+ during 2019 post-rainy season. Sparse canopy cover 
characterises most Miombo Woodlands especially during dry season due to leaf-off condition. 
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combined ground-based and Lidar datasets from ICESat and accounted for 49%, 25%, 

and 26% of the total stock, respectively (Saatchi et al., 2011). However, for the 

estimations in sub-Saharan Africa, including the Savannah Woodland the study used a 

general allometry (AGB = 0.35h2.05) which is different from the local allometry for the 

Malawi’s Miombo Woodlands (AGB = 0.104 x dbh1.92 x ht0.845 and/or AGB = 0.218 x 

dbh2.32) (Kachamba, 2016; Saatchi et al., 2011). Hence, the allometry used in the pan-

tropical estimations were unreliable for Malawi’s Miombo and they yielded uncertainties 

in the AGB stock estimations (Kachamba, 2016).   

A different study that focused on comparisons between;(i) the above-mentioned 

pantropical biomass maps, and (ii) maps on estimations of CO2 emissions from tropical 

deforestation datasets (Baccini et al., 2012), both of which used active sensors 

(spaceborne LiDAR) dataset exposed substantial estimate differences in Miombo 

Woodlands of Africa (Malawi inclusive) and other forests (Table 1) (Baccini et al., 2012; 

Mitchard et al., 2013; Saatchi et al., 2011). This was attributed to differences in the spatial 

distribution of biomass and spatial pattern of forest cover change.  

Unfortunately, these map datasets were also used to make decisions at sub-national and 

national-level activities in relation to REDD+. The same trend of has been true for several 

inter-continental and pan-tropical studies that generated biomass and carbon maps 

covering Africa, Malawi inclusive (Table 1).  

A key local study that employed radar backscatter imagery datasets in Malawi’s Miombo 

Woodlands established a poor correlation (R2 ranged between 0.01-0.16) between the 

plot-based biomass measurements and the ALOS-PALSAR based biomass in 2008 

(Cassells et al., 2009). These results were inconclusive, and the study recommended 

further studies on the same.  

A different study conducted between 2010 and 2012 employed ALOS-PALSAR-1 pan-

sharpened imagery to augment assessment of forest biomass and carbon over 17 forest 

reserves distributed across the Miombo woodlands of Malawi (Department of Forestry, 

2012). The radar backscatter measurements were engaged to assess historical land 
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use/land use change (LULUCF) and derive sample plot units (Table 3) as a means of 

stratification and sampling the forest. Still, the question of central interest would be to 

interpret the plot-based biomass estimations using the imagery’s observations through a 

modelled correlation, an important aspect that the 2012 study did not address.  

Besides, the investigations did not attempt to explore the cost-effective means of 

estimating forest AGB since the ALOS-PALSAR-1 datasets were not free of charge that 

time, thus against the backdrop of the financial challenges of Malawi’s forest monitoring 

system (Neeff et al., 2015). Hence, to address these gaps, this academic study employed 

the unrestricted active remotely sensed datasets of different spatial resolution from 

Sentinel-1 (S1), ALOS-2 PALSAR-2 and ESA-CCI Biomass Map missions over Ntchisi 

Forest Reserve of Malawi. 

2.6.2.1 Sentinel1 Mission  

Operated by ESA, the Sentinel1(S1)-mission was launched in April 2014, and it 

comprises two polar-orbiting satellites that operate day and night, regardless of the 

weather (Torres et al., 2012). The mission captures data with minimal atmospheric noise 

that may require less processing, in contrast to other mission datasets e.g., LandSat 8 

datasets which though free access as well are highly characterized by considerable cloud 

cover (Li et al., 2020; Phiri and Nyirenda, 2022; Torres et al., 2012).  

The main operational mode of S1 features a wide swath of 250km with a high geometric 

(typical 20m-Level-1 product resolution) and radiometric resolutions suitable for many 

applications (Torres et al., 2012). The S1 Synthetic Aperture Radar (SAR) instrument 

acquires data in four exclusive acquisition modes namely; (i) Strip Map (SM), (ii) 

Interferometric Wide swath (IW), (iii) Extra Wide Swath (EW), and (iv) Wave (WV) (Torres 

et al., 2012). For this Miombo study, the interest was on IW, a mode that caters for forest 

biomass estimation which is a task that directly falls within the mission’s Land Monitoring 

category. 

Data in the IW is acquired in three swaths, thus using the Terrain Observation with 

Progressive Scanning (TOPSAR) imaging technique (Torres et al., 2012). The data 
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products of S1 distributed by ESA include; (i) raw Level-0 data (for specific usage), (ii) 

processed Level-1 Single Look Complex (SLC) data, and (iii) Ground Range Detected 

(GRD) levels 1 and 2 (ibid). The Level-1 data contain multi-looked intensity and are 

projected to ground range using an Earth ellipsoid model only while the Level-2 Ocean 

(OCN) data are retrieved for geophysical parameters of the ocean (systematically 

distributed). 

The twin polar satellites (Sentinel-1A and 1B) are phased at 1800 to each other in sun-

synchronous manner (Torres et al., 2012). The mission has a 12-day repeat cycle and 

175 orbits per cycle (Table 5). Therefore, a single S1 satellite is capable of mapping global 

land masses in the IW swath mode once in every 12 days thus, in a single pass 

(ascending or descending) while the constellation offers 6 days’ exact repeat cycle at the 

equator. With such an advantageous temporal resolution, S1 mission provides latest data 

within the given period. This renders an urge to support monitoring of vegetation changes 

within the growing season that may not be necessarily possible with other satellites. 

Hence, this forms the rationale behind its preference for the incumbent academic study 

that estimates AGB change and crown spatial pattern within over a given period. 

Unlike the passive sensors, the SAR sensors have the advantage of operating at 

wavelengths with less impediments by cloud cover or lack of illumination (Urbazaev et 

al., 2018; Woodhouse, 2006). As the SAR sensors transmit their own microwave signal 

to irradiate the energy backscatter from the ground, the backscatter measurements get 

influenced by the terrain surface/roughness, i.e., the more the roughness or structure on 

the ground, the greater the backscatter (Woodhouse, 2006). A study on radar backscatter 

observations derived from the QuikSCAT sensor (focusing on the effect of sloping terrain 

over the North American Monsoon region) showed that backscatter is dependent on the 

local incidence angle caused by changes in slope (Mladenova and Lakshmi, 2009).   

On the hand, backscattering from bare rocks (occurring at the rock-air boundary) is 

renowned for its influence on surface roughness signal reflectance (Kamusoko et al., 

2014; Woodhouse, 2006). More structurally complex targets such as forests tend to 
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appear brighter due to signal interaction with leaves, branches and trunks that result in 

higher proportion of the signal being transmitted back to the sensor (ibid.). This attribute 

is important for the forest biomass detection and estimation.  

2.6.2.2 ALOS-2 PALSAR-2 Mission 

Another mission that renders unrestricted active remote sensing datasets (since January 

2016) is the Japanese Phased Array L-band Synthetic Aperture Radars of (PALSAR-2) 

(https://www.eorc.jaxa.jp/ALOS/en/dataset/fnf_e.htm). The Japanese Aerospace 

Exploration Agency (JAXA) generate global 25m resolutions mosaics and forest/non-

forest maps that are acquired by the PALSAR sensors. These are aboard a mission 

referred to as Advanced Land Observing Satellite (ALOS) and ALOS-2. While the spatial 

resolution (size of one pixel) is ~25m x 25m, the temporal resolution is one year. The L-

band refers to the operating frequency range of 1–2 GHz and wavelength range of 30–

15cm in the EMS (Figures, 8 and 9). Owing to its low bandwidth, because of low 

frequency, L-band is the easiest to implement for many applications comparatively to 

other higher frequency ranges like C and S band. Consequently, it is one of the main 

operating ranges used by various applications such as radars, global positioning systems 

(GPS), radio, and telecommunications and aircraft surveillance.  

The PALSAR/PALSAR-2 are effectively employed for studying global environmental 

changes such as global warming, loss of biodiversity and forest change detection. 

Significantly, the latter domain has been used for this study to estimate forest AGB stock 

of Ntchisi. The L-band Synthetic Aperture Radars (SAR) on ALOS and ALOS-2 provide 

the capability to observe land surface regardless of clouds, an attribute that gives it an 

edge for rendering essential information about forest changes in tropical regions. This 

attribute provides the suitability for engaging such datasets in the tropical Miombo 

Woodlands of Malawi, where cloud clover is an issue (Nyasulu et al., 2020; Phiri and 

Nyirenda, 2022).  

The mission’s orbit is sun-synchronous and has a height of 628 km, inclining at 97.9º. 

The local sun time of the mission is 1200 ± 15 min during daytime, and this contributes to 
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the generation of quality imagery. The mission’s datasets comprise several guide 

categories which include; (i) Disaster monitoring, (ii) Land monitoring, (iii) Agricultural 

monitoring, (iv) Natural resource exploration, and (v) Global Forest monitoring. Under the 

latter, the mission seeks to resolve global level environmental issues such as global 

warming. It accomplished this by deriving from global monitoring of tropical rain forests 

that is used to identify C sinks to relevant organisations. This domain is of particular 

interest to this Ntchisi Forest study as it has rendered data/estimates for forest AGB and 

C. It is this facet of capturing seasonal variations that fits seamlessly into the Miombo 

research which entails tree species that exhibit great seasonal variations i.e., leaf-on and 

leaf-fall, rendering difficulties in detecting and estimating AGB and C changes when other 

satellite mission’s datasets are employed (Chidumayo and Gumbo, 2010; Kamusoko et 

al., 2014).  

The next table displays historical attributes of ALOS-PALSAR and Sentinel missions in 

relation to their heritage ones. 

Table 5. Comparison of Sentinel and ALOS-PALSAR against Other Heritage Missions 

 LANDSAT 1-8 SPOT ALOS PALSAR SENTINEL-1 SENTINEL-2 

Mission lifetime 1972-present 1986-present 2006-present 2014-present 2015-present 

Instrument 

principle 

Scanner Push broom L-band SAR Single C-band 

SAR 

MSI-Push broom 

Repeat cycle (days) 16 26 46 12 (at equator) 5 (at equator) 

Swath width (km) 185 2 x 60 60,70 400 290 

Spectral bands 7 4 L-band C-band 13 

Spatial resolution 

(metres) 

30, 60 2.5, 10, 20 25  5, 20, 40 10, 20, 60 

Data Access Unrestricted Not free (press 

order) 

Unrestricted for 

some period 

Unrestricted Unrestricted 

Source: Sentinel-2 User Handbook 2015 

2.6.2.3 GEDI Mission 

Data from the Global Ecosystem and Dynamics Investigation (GEDI) instrument of the 

NASA Earth Venture Instrument (EVI) Mission launched in December 2018 is another 
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potential source but was not preferred by this incumbent study. The instrument can be 

characterised as a geodetic-class light-detection and ranging (Lidar) that comprises 3 

lasers (full-waveform recording) which produce 8 parallel tracks of observations. Each 

laser fires 242Hz, illuminating 25m spot (footprint) on the surface over which 3D structure 

is measured.  

GEDI’s ability to estimate C stocks enables the estimation of land use change’s impact 

on CO2 concentrations (Hancock et al., 2019; Silva et al., 2021). This potentially enables 

quantification of biomass and C stocks sequestered as well generating future projections. 

The system also provides high resolution geo-located elevation data that can improve the 

global Digital Elevation Models (DEMs) for the 3D aspect. Quite relevant to this academic 

study would have been the fact that GEDI data provides biomass and C stock estimates. 

The following parameters that have also been investigated under this study; (i) forest 

canopy height and relative height metrics, (ii) canopy vertical structure (profile metrics), 

and (iii) surface elevation (https://www.earthdata.nasa.gov/learn/articles/first-gedi-data-

available).  

Nevertheless, the choice of not using the mission’s datasets was because it would have 

been risky and time wasting for this academic study (scheduled for 2018-2022) to wait for 

the GEDI datasets as the mission was launched in the same year this study commenced. 

This is in cognisance of the challenges and constraints that newly launched missions face 

such as failure or substandard performance.  

However, Lidar in contrast to other sensors, can address multi-layer nature of forests by 

using full wavelength to provide accurate biomass estimation (Zianis et al., 2016). The 

technology is also used as a direct method for height and canopy measurements rather 

than being used in allometry as it is the case with radar backscatter measurements (ibid). 

Lidar relies on processing of HR digital airborne waveform from which vertical information 

can be produced (Zianis et al., 2016). 

Nevertheless, Lidar technology has basic limiting factors associated with costs. Despite 

the Airborne Laser Scanner (ALS)/LiDAR renowned as the primary data sources for the 
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3D information on forest vertical structure, they are an expensive means and applied on 

commercial basis (Table 2). Therefore, this renders the low-cost optical sensors best 

alternatives for obtaining accurate height while complimenting conventional plot-based 

measurements methods over Lidar/ALS (White et al., 2013).  

Briefly, in as far as RS is concerned, the REDD+ participating countries engage primarily, 

but not exclusively, the NFI systems to estimate forest biomass and C fluxes, thus 

respective of their capacities that include; EO from optical remote sensors (satellite or 

UAVs photogrammetric surveys and/or active remote sensors (LiDAR/ALS and Radar)  

(Fankhauser et al., 2018; McRoberts et al., 2015; Mlambo et al., 2017; Wang et al., 2009; 

Zhang et al., 2017). 
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CHAPTER-3 

3.0 – METHODOLOGY 

3.1 Description of Study Site and Rationale  

The study was conducted in Ntchisi Forest, a state controlled Miombo Woodland 

located in the central district of Malawi called Ntchisi (Lat., -13.3205 E and Long., 

34.0419 S) (Figure 12). The district lies ~96km to the north of Lilongwe, Malawi’s 

capital city and it borders with 3 districts namely; Nkhotakota to its north and east, 

Kasungu in the north-west and Dowa to its south and west, respectively (Figure 12) 

(Ntchisi District Assembly, 2014).  

Ntchisi Forest was declared a protected area in 1924 and spans over 9,720ha that 

entail undulating mountainous terrain with an altitudinal range of 600-1675m above 

sea level (ASL) recorded within its plots (Figure 13). With a peak elevation of 1702m 

(ASL), the reserve has a mix of rough rolling slopes, especially on the eastern side 

and gentle slopes ranging from 5-74% (Figure 13, Table 6). These extreme slopes 

render accessibility difficult, though they are tourists’ attraction spots (Ntchisi District 

Assembly, 2014, 2007).  

The forest comprises three core vegetation types namely; (i) Brachystegia, (ii) 

Montane Evergreen Forest, and (iii) Riverine Forest. The latter juxtaposes to perennial 

streams while the Montane evergreen forest patch is located on the southern ridge of 

Ntchisi Forest Mountain, characterised by large emergent of Newtonia species (Ntchisi 

District Assembly, 2014). The dominant Miombo trees in the forest are of the genera; 

Brachystegia, Julbernadia and Diplorhynchus (Ntchisi District Assembly, 2014). The 

three most abundant species within the Brachystegia genera include; B. buseii, B. 

boehmii and B. manga (USAID PERFORM, 2017). The soils in the reserve are 

classified as a mixture of poor sand, localised within the Brachystegia vegetation 

chunk and blackish-loam soils ubiquitous within the montane mosaic. 

The figures below display, (i) the map of Ntchisi Forest in relation to some REDD+ 

Pilot sites in Malawi, and (ii) the topographical outlook of the reserve. 
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Figure 12. Location of Ntchisi Forest Reserve, a REDD+ pilot site of Malawi in relation to 
bordering districts and some key REDD+ sites where ground-based measurements are 
conducted in Malawi. 
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Figure 13. Ntchisi Forest mountainous terrain; (top)-Ground plot-centroids (white-dots) and 50ha UAV 
square plot-box distribution (red) overlaid on Google Earth imagery, 2022, (bottom)-eastern 
topographical view of its terrain. 
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The table below displays some elevation attributes of Ntchisi Forest recorded at each 

sampling unit plot centroid during both the 2019 and 2016 ground inventories. 

Table 6. Ntchisi Forest Topographic Attributes Acquired during 2016 and 2019 Ground Study  

Plot Plot 
number 

UTM 
Easting 

UTM 
Northing 

Elevation 
(m) 

Slope 
% 

Slope 
Condition 

Distance 
from 

boundary 
(km) 

Mpamila 12 0610161 8520969 1344 48 Extremely steep 1.3 
Nyanga 13 0607984 8520324 1332 12 Steep 0.7 
Mandwe 6 0610894 8528310 1079 18 Steep 0.8 
Kasakula 9 0616733 8524713 764 5 Flat 1.5 
Chenche 5 0615166 8529363 716 10 Fairly steep 1.7 

Msankhire 3 0614781 8532317 832 19 Very steep 1.3 
Mndinda 1 0618875 8533606 681 12 Fairly steep 2.3 
Kajaliza 2 0618355 8532624 669 10 Fairly steep 1.2 
Mkomba 4 0616651 8531612 713 11 Fairly steep 1.7 
Chanika 7 0614888 8527699 847 36 Extremely steep 2.8 

Chifwelekete 8 0609963 8524839 1206 74 Dangerously 
steep 

1.8 

Mnguluwe 10 0608108 8524124 1212 37 Extremely steep 0.9 
Sambakunsi 11 0608106 8522106 1498 32 Extremely steep 1.5 

 

Ntchisi experiences a humid subtropical climate characterised by alternating dry winter 

and scorching summer seasons. Rainy season commences in October/November, 

peaks in January and ends in April. Annual rainfall ranges from 1200-1400mm, 

providing a season which alternates with the dry period that comes between May and 

November. An annual temperature range of 19-250C is experienced with an alternate 

of cool and warm weather (Ntchisi District Assembly, 2007). 

The reserve’s catchment falls within Kalira and Chikwatula Extension Planning Areas 

which are under the authority of Traditional Authorities; Vuso Jere, Kasakula and 

Nthondo (Ntchisi District Assembly, 2014). The forest is under co-management 

regime, an administrative arrangement between the Central Government of Malawi 

(Department of Forestry) and the surrounding villages. These two parties share roles 

and responsibilities in governing the forest. 

Ntchisi Forest Reserve was selected as a study site for this academic research due to 

the following reasons. First, it is more significantly a pilot-study area for the REDD+ 

mechanism in Malawi (Figure 12). Despite this national importance, illegal wood 

harvesting in form of firewood, poles, charcoal, and timber remain key threats of its 
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woody component since 2007 (Chinangwa et al., 2016; Ntchisi District Assembly, 

2014, 2007; USAID PERFORM, 2017). 

Second, the forest has an established network design of permanent sampling plot 

units laid in 2016 which provides a better leverage for scientific comparisons and 

analysis of biomass estimates (Government of Malawi, 2019a; USAID PERFORM, 

2017). Third, the reserve’s canopy density status of ≥50% multi-storey (in some parts) 

provides the better testing threshold for the high resolution RGB airborne observations 

employed in this study (Table 8) (USAID PERFORM, 2017). Technically, this attribute 

was envisaged to be advantageous to this study because the operation of the UAV’s 

Structure-from-Motion photogrammetry requires a sparse canopy for the ground 

surface detection which is critical to the development of a 3D structure used for AGB 

estimations (Kachamba et al., 2016; Mlambo et al., 2017).  

Fourth, Ntchisi Forest has uniquely undergone several management arrangements in 

comparison to other REDD+ pilot sites in Malawi, i.e., Liwonde and Perekezi Forests, 

(Figure 12), where their management regimes have changed only. Such management 

regime has contributed to its Ntchisi’s current forest biomass status as follows; 

(i) Co-management system involving the state and surrounding communities 

(2003-2014, and from 2018 to present). This is arrangement that entails 

demarcation of the forest into management blocks following the chunks 

allocated to the villages that hold stake in its management (Chinangwa et al., 

2016; Government of Malawi, 2019a; Ntchisi District Assembly, 2014),  

(ii) Single–entity management arrangement whereby traditional leaders 

fundamentally manage the reserve as one communal entity, in contrast to 

block management (2014-2018) that subdivides the forest into blocks/coupes 

(Government of Malawi, 2019a), and 

(iii) State-controlled arrangement (1924 to 20020 whereby the reserve was entirely 

managed by the Government of Malawi.  

Since forest management techniques influence the status forests i.e., growing stock, 

volume, density, biomass inter alia (Ali et al., 2007; Bouriaud et al., 2019; Chinangwa 

et al., 2016; Routa et al., 2011), it was of significant interest for this academic research 
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to incorporate Ntchisi Forest as a study area basing on the governing systems as they 

inform the available AGB stock. 

Furthermore, the choice of the study site was also based on its unique topographic 

aspect (mountainous, rock outcrops, and steep slopes) and its biophysical factors 

such as manageable size (9,270 ha), seasonal fires, riverine and upland tree species 

patterns (Figures 5 and 13). These provided an enabling and encompassing analysis 

of spectral reflectance of RS methods strengths and limitations whose effect on AGB 

accuracy has never been statistically explored in Malawi, at least to the knowledge of 

the author.  

3.2 Research Study Design  

Data acquisition for the entire study was three-fold, vis-a-vis; 

(i) in-situ/plot-based measurements (individual tree level parameters), 

(ii) optical airborne imagery acquired by a sensor aboard small-UAV DJI Phantom 

4 Pro+ RTK, and 

(iii)  Satellite imagery acquired by; (a) Sentinel 2, and (b) radar backscatter 

measurements from ALOS-PALSAR-2, Sentinel-1 and ESA-CCI Biomass Map 

missions.  

Following (Puliti et al., 2018), this study analysed regression relationships to assess 

accuracy (through validation and calibration) of the EO using the ground-based 

measurements as reference datasets. Hence, the parametric relationships tested 

were as follows; 

(i) tree-level ground-based (gb) height and airborne canopy height model 

(CHM), 

(ii) tree-level (gb) AGB and airborne based AGB, 

(iii) gb fractional cover percentage (FC%) and airborne based FC%, 

(iv) gb AGB and airborne based FC%, 

(v) gb AGB and ALOS-PALSAR-2 AGB, 

(vi) gb AGB and Sentinel-1AGB, and  

(vii) gb AGB and ESA CCI Biomass Map data (AGB) 
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The diagram below (not drawn to scale) represents a schematic illustration of datasets 

acquired and integrated in this study. It further presents the design (in descending 

order) on how the remotely sensed datasets (imagery) were analysed and compared, 

thus using the ground datasets and the UAV imagery as the reference and the link, 

respectively, in this study. 

 

Figure 14. Schematic workflow for study datasets integration-(top-bottom); (i) Ground-based 
measurements from 0.1ha plots, (ii) Optical airborne imagery of 50ha square plots-(3-7cm pixel 
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resolution), (iii) Sentinel-2 20m pixel resolution imagery, (iv) Sentinel-1 20m pixel resolution imagery, 
and (v) ALOS-PALSAR-2 25m pixel resolution.  

NB: ESA-CCI Biomass Map datasets have not been displayed in the schematic diagram above because 

part of them comprise the L- and C- band EO represented by the ALOS-PALSAR and Sentinel-1 

missions.  

3.2.1 Ground-based sampling design  

Individual tree plot-based measurements were collected for a period of five 

consecutive days, thus from 17-21 September 2019. The study inherited a multi-stage 

sampling design which integrated random stratified sampling techniques during the 

2016 Malawi REDD+ site-based inventory (Government of Malawi, 2019a; USAID 

PERFORM, 2017). The stratified sampling phase incorporated forest management 

coupes demarcated to cover all forest management blocks of Ntchisi Forest (Ntchisi 

District Assembly, 2007; USAID PERFORM, 2017). This was deliberately arranged to 

allow each of the 13 surrounding villages that holds management stake in Ntchisi 

Forest management to bear representation in the sampling frame. 

This was followed by systematic random sampling whereby sampling unit plots were 

computed at a minimum spacing of 90meter square grids (network) canvassing the 

reserve. The network generated a minimum of 13 randomly sampled points that 

became plot centroids of 20metre radius circles (0.1ha) (Figure 15), sufficient to attain 

a 95% Confidence Interval (CI) of 95% and a 10% precision error (Pearson et al., 

2005; USAID PERFORM, 2017). The 13 points were incorporated as the permanent 

sample plots centroids for the subsequent inventories, thus considering the REDD+ 

monitoring that emphasises repeatability of measurements (Chidumayo, 2019; 

Zerihun and Tesfaye, 2013). 

The next figure shows a design of a ground plot-sampling unit used by this study in 

Ntchisi Forest in 2009.  
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Figure 15. Four fixed concentric circular plot design in permanent sampling units used for ground-based 
measurements during 2016 and 2019 inventories in Ntchisi: plot cluster radii include, 2m, 6m, 12m and 
20m for the regeneration, small, medium and large plots, respectively. 

The 2016 REDD+ sponsored inventory of Ntchisi increased sample size from 13 to 18 

units to ensure that each village forest management block was represented. However, 

this academic study maintained the original 13 due to funding limitations and this did 

not compromise the pre-set CI (95%) and precision error (10%), respectively. 

3.2.2 Ground-based measurements 

Hand-held Garmin GPSMap 64x receivers set to the projection WGS84 UTM zone 

36S were used for plot navigation. A minimum positional accuracy of ±3m or was 

maintained prior to marking waypoints (recording xy position of target features). Using 

each plot centroid as reference, four fixed concentric circular plots bearing 2m, 6m, 

12m and 20m radius each respectively, were laid and inventoried (Figure 15). Plot 

alignment was achieved using pocket prismatic compasses and adjustable ranging 

rods. Plot perimeter boundaries were marked using measuring tape and coloured 

flagging tape and/or chalk. 
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Individual tree parameters were measured beginning from the plot-centre stretching 

outward, following the Azimuth direction. Each measured tree was tagged with an 

identification number (Fig. 5b) that was also captured by inbuilt GPS camera and/or 

steel camera embedded with GPS function. This was done to ascertain the 

georeferenced location of each feature attribute. Digital-still images were also taken 

to depict status of the plots i.e., regenerants, standing trees, lying/leaning trees, 

deadwood any other attribute deemed important (Figures 5, 17, 41 and 42).  

Using a threshold of dbh ≥5cm, 216 trees of varied sizes were measured and recorded 

per each plot (Table 7). Key variables and parameters recorded included; (i) individual 

diameter at breast height (dbh), taken at 1.3m above-ground-using diameter tape, (ii) 

total tree height (ht)–using hypsometer, (iii) crown diameter (cd) (max. and min,)-using 

measuring tape, (iv) tree and regenerants botanical names, (v) trees xy 

geocoordinates using handheld GPS set, (vi) plot centre geocoordinates (centroids) 

using handheld GPS set, (vii) Azimuth angle (bearing in degrees) of each tree from 

the plot centre–using a prismatic compass, and (viii) distance of each tree from the 

plot centre-using measuring tape (Appendix II).  

The next table shows dimensions and threshold of cluster sampling subplot units 

inventoried in Ntchisi Forest. 

Table 7. Dimensions and Threshold for Plot Measurements used in Ntchisi 

DIMENSION 
Subplot Radius 

(m) 
Area  

(ha)              (m2) 
dbh  

               (cm) 

Regeneration 2 0.001 12.57 ≤5 
Small 6 0.011 113.14 5-14.9 

Medium 12 0.045 452.57 15-29.9 
Large 20 0.126 1257.14 ≥30 

 

For each tree measured, its code was documented using a species list catalogue 

provided by the Forestry Research Institute of Malawi (FRIM). The species were later 

deciphered to their full botanic names prior to transferring the records into Microsoft 

Excel data sheets for statistical computing and graphics. These were later uploaded 

in GenStat (18.1 for Windows) for further modelling and analysis. 
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The flowchart below depicts key tasks undertaken and parameters measured during 

the plot-based survey in Ntchisi Forest. 

 

Figure 16. Top-Bottom: Schematic representation of key tasks undertaken, and parameters measured 
during ground-based inventory in Ntchisi Forest-2019. 

3.2.3 AGB computation 

Calculation of AGB encompassed all live trees measured in the 20m, 12m and 6m 

radius plots (Fig.15 and Table 7). The computations covered several stages termed 

as follows in this report; (i) sampled plot area, (ii) horizontal projection of radii, (iii) area 

of horizontal eclipse, (iv) scaling factor, and (v) employment of allometry (Government 

of Malawi, 2019a; Kachamba et al., 2016; USAID PERFORM, 2017).   



 Evaluation of Low-Cost Earth Observations to Scale-Up National 
Forest Monitoring in Miombo Woodlands of Malawi 

Evaluation of Low-Cost Earth Observations to Scale-Up National Forest Monitoring in Miombo Woodlands of 

Malawi  75 
 

3.2.3.1 Sampled plot area 

This is an initial stage that calculates the dimensional area which is a tree’s biomass 

covers basing on sample plot size and shape. Hence, this involved area calculation of 

216 (n=216) individual live trees observations whose dbh measurements fell within the 

threshold of ≥5cm and were measured in the sub-plots of 20m,12m and 6m radius. 

The area of each of the nested sub circular plot was calculated using the following 

formula: 

A = πr2,      (Equation a) 

Where: 

A = the area of the nest (circle), 

π = pi (3.14), and 

r = radius of the nest. 

3.2.3.2 Radii horizontal projection and associated assumptions 

Measuring of C was premised on the assumption that C pools data i.e., AGB are 

expressed on the horizontal projection of a land unit area, hence, where plots fall on 

slope ground adjustments were done to reflect the true horizontal projection (ellipse) 

(Government of Malawi, 2019a; Skole and Samek, 2016; USAID PERFORM, 2017).  

Another assumption was that since ellipses have two radii, the first is parallel to the 

horizon while the second is parallel to the slope (ibid). Therefore, the horizontal 

projection of the radii lying along the slope was computed using the following formula;  

Rslope–horizontal = Rfield * cos θ       (Equation b) 

Where:  

Rslope–horizontal = projected horizontal length of the radii lying parallel to the slope in the 

nest, thus measured in meters (m), 

Rfield = radius of the nest, measured in the field (m), and 

cos θ = cosine of the slope measured in degrees. 
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3.2.3.3 Area of horizontal ellipse 

As a step further, estimation of area of horizontal ellipse entailed the following 

calculations: 

NA = π *Rfield * Rslope–horizontal   (Equation C) 

Where: 

NA = horizontally projected area of a circular nested plot in square meters (m2),  

Rfield = the radius of the nest measured in the field (m), and 

Rslope–horizontal = the projected horizontal length of the radii lying parallel to the slope in 

the nest (m). 

3.2.3.4 Scaling factor (SF) 

Prior to the calculations, a scaling factor (SF) was applied to scale up dimension (area) 

values for each subplot and convey the estimates of C to a hectare basis (1ha). The 

step involved conversion of the subplot area’s unit measurements in square meters 

(m2) to per hectare basis (1ha) as follows. 

SF = 10,000/NA, (Equation d) 

Where; 

SF = Scaling Factor to convert per hectare basis (dimensionless), 

10,000 = number of square meters (m2) in one hectare, and  

NA= horizontal projected area of nested plot (in m2). 

3.2.3.5 Employment of allometry 

This stage involved factoring-in of the AGB allometry. A comprehensive forest biomass 

study observed that the previous models (pan-tropical) used in Malawi i.e., (Cairns et 

al., 1997; Chave et al., 2005), were unreliable (underestimated and overestimated) 

because they were tested using different sites whose conditions do not match Malawi’s 

Miombo Woodlands (Kachamba, 2016). For this reason, this study employed the 

allometry specifically developed and tested in Malawi’s Miombo trees as published by 



 Evaluation of Low-Cost Earth Observations to Scale-Up National 
Forest Monitoring in Miombo Woodlands of Malawi 

Evaluation of Low-Cost Earth Observations to Scale-Up National Forest Monitoring in Miombo Woodlands of 

Malawi  77 
 

(Kachamba et al., 2016). For comparison of sake, this research explored the two 

allometric equations, thus; the one that factors-in dbh only (Equation 1) as well as the 

one that factors both dbh and ht (Equation 2) (Kachamba, 2016) rounded-off to 3 

significant numbers as indicated below; 

Equation 1: AGB = 0.218 x dbh2.32  

Equation 2: AGB = 0.104 x dbh1.92 x ht0.845 

The results obtained after employing the allometry are in the kilogram units of dry 

matter (kg.d.m.), otherwise referred to as AGB in this case. As a last step, a carbon 

fraction of 0.47 for all the Miombo tree species measured is multiplied by the AGB to 

convert the biomass into carbon terms (tCha-1) (Government of Malawi, 2019a; 

Kachamba, 2016; USAID PERFORM, 2017). 

3.2.4 Tree crown measurements 

While Crown measured in meters (m) as (i) depth (Cdep, m), crown radius (Cr, m), 

and/or (iii) crown diameter (Cd m) remain the main crown dimensions that can be 

measured in the field, forest studies of AGB in Malawi’s Miombo Woodlands mostly 

focus on Cr and Cd parameters (Government of Malawi, 2019a; USAID PERFORM, 

2017). Crown radii are measured in the four cardinal directions (north, south, east and 

west) or eight (north, north-east, north-west, south, south-east, south-west, east and 

west) (Loubota Panzou et al., 2020). Such measurements are taken from ground 

projections of crown edge to stem centre, with the researcher taking the 

reading/viewing the edge of the canopy standing perpendicular to the line of the bole 

(ibid). 

Individual tree crown analyses for this study focused on Cd computed using an ellipsoid 

formula for each tree whereby two crown measurements were taken perpendicular to 

each other, thus following the 2016 Ntchisi Forest inventory (Figure 1) (USAID 

PERFORM, 2017). The Cd parameter is used to estimate crown area (Ca, m2) which 

eventually yields canopy percentage cover/density. The crown area is defined as the 

outermost perimeter (envelope) of the crowns forming part of the upper canopy level 

(dominant and/or co-dominant stratum) (Gonsamo et al., 2013). 
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On the hand, crown cover is defined as a physical measurement of the sum of tree 

crown vertical projection areas divided by the horizontal area of observation unit on 

which the trees are growing (ibid). While the equation for calculating area of a circular 

plot has been aforementioned, the crown area is estimated by using the formula for 

the area of an ellipse (π * half of the maximum diameter * half of the diameter at 90°). 

For clarity's sake, the crown area has been calculated as follows; 

 (Ca, m2) = (πx Cr_NS x Cr_EW)  

Where; Ca, m2 = crown area calculated in square metres, 

                  π (pi) = 3.142, 

                 Cr_NS = mean of Cr north and Cr South, and 

                 Cr_ew = mean of Cr east and Cr west. 

Computation of crown cover should be explicit with regards to the within crown gaps 

and/or the crown overlapping phenomena. In this study, fractional cover percentage 

was derived from the crown area measured from Ntchisi Forest Reserve. Fractional 

Cover (FC) simply refers to the proportion of an area in the field/ground that is covered 

by the crown of trees expressed as percentage of the total area (Zhang et al., 2019). 

Furthermore, the stand/plot percent canopy cover can be calculated as well and 

fundamentally, it refers to the percentage of the ground area directly covered by trees 

(Gonsamo et al., 2013). The fractional cover percentage of each plot, which is 

calculated as follows;  

Fractional cover %= (CA/PA) *100%; 

 Where CA=crown area per plot, 

 PA = plot area = 1257m2 (0.1ha) 

3.2.5 Caveats in terrestrial measurements and their mitigation  

3.2.7.1 Geolocation errors  

The use of handheld GPS receivers (Garmin GPSMap 64x) in marking target feature 

waypoints i.e., individual trees and plot centroids is affected by positional accuracy. 
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While this may potentially happen due to poor signal (weak signal strength) during 

clouds, windy weather or under slightly dense canopy; this source of error was 

mitigated as follows. First, waypoints of each plot centroid and individual trees were 

uploaded using the 2016 inventory datasets as a priori set up. These were then 

validated during this academic ground survey navigation and plot identification to 

ensure that they coincide. As part of the etiquette, the GPS sets were let to attain a 

minimum of ≤3m accuracy, upon being switched on, thus prior to marking waypoints.  

Second, only the Garmin GPSMap 64x brand were used through-out inventory. This 

ensured that the waypoints and plot boundaries were systematically recorded with 

minimal error calibrated by the same GPS brand. 

In addition, the ground survey ensured that the measurements were conducted in 

PSPs whose origin and extent were traced by presence of metal bars pegged into the 

ground during the 2016 inventory. This assisted in locating the origin of the pot 

centroids as reference points.  

3.2.7.2 Overlapping and overhanging trees 

Some of the individual trees measured, especially those growing in cohorts showed 

their overlapping and overhanging attributes (Figure 17), i.e., in Kasakula and 

Chifwelekete.  

  

Figure 17. Crown overlapping and overhanging of individual trees; rendering difficulties in sighting their 
tips and crown delineation, consequently affecting height and crown diameter measurements and AGB 
estimation accuracy. 
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While the crown overlapping and overhanging of individual trees were localised in 

highly rugged and sloppy terrains, ground -plot slope adjustment was conducted to 

mitigate this potential source of error.  

3.3 UAV Imagery Acquisition 

Digital airborne RGB imagery were acquired using UAV in 4 days, thus from 23-25 

September and on 6 October 2019. The survey flight missions were operated on DJI 

Phantom 4 Pro+ RTK (Real-time Kinematic) quadcopter platform carrying a 1” CMOS 

SENSOR (2.52µm-1) with a 20 Megapixel resolution (Figure 18).  

 

Figure 18. DJI-Phantom-4 Pro+ quadcopter, turned on in readiness for vertical take-

off in Ntchisi Forest. Preference of the drone was due to its vertical take-off/landing 

(VTOL) capability, suitable for the rough mountainous terrain of the forest reserve.  

The UAV, a 2016 release, was manufactured by the Shenzhen DJI Sciences and 

Technologies Ltd, in Shenzhen City of Guangdong Province in China. The flights were 

programmed on Map Inner (v3) software. The UAV was hired from Precision Malawi, 

a local firm based in Lilongwe, the capital city of Malawi.  

Its imaging sensor has 5472x3078 pixels fitted to a 3-axis stabilized gimbal to maintain 

effective imagery acquisition angles. It has an autofocus feature that enabled it to 

capture still JPEG scenes at 3-7cm pixel sensor resolution (Ground Sampling 

Distance) for this study. The sensor is embedded with a mechanical shutter for 

controlling light while mounted on the multirotor. The shutter enables the camera 
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sensor to remove the detrimental ‘jello’ effect, an attribute that ensures generation of 

professional images with low noise. In contrast to the fixed wing, the multirotor craft 

was preferred for easy vertical take-off/landing (VTOL) in the rough mountainous 

terrain of Ntchisi Forest. The wavelength range of the sensor was 2.4 to 5.8GHz 

frequency bands, with a maximum controllable range of 4.3miles (~7km). 

Image acquisition involved 13 flight missions of ~50ha square boxes (0.71km x 

0.71km) sampled following the 13 randomly distributed terrestrial plots design that 

employed the multi-stage sampling approach (stratified and random techniques) 

explained earlier. This ensured that the UAV flight boxes, otherwise referred to as UAV 

plots overlaid the terrestrial plot centroids to enhance geo-spatial referencing (Fig. 22, 

23 and 24), thus following (Puliti et al., 2018). Hence, at each of the 13 terrestrial plot 

centroids, corresponding ground control points (GCPs) were placed, and their 

respective waypoints marked using handheld GPS sets (Garmin GPSMap 64x), (Fig. 

19). The imagery was acquired in WGS84 (EPSG: 4326) projection, at a flying 

altitudinal range of 120-150m above-ground-level (AGL). Detailed key flight settings 

have been depicted in (Table 8, below).  

Table 8. Key Settings for Unmanned Aerial Vehicle Flight Surveys in Ntchisi Forest- 2019 

UAV Make 
Sensor 
Type 

 
GSD 

Flights 
Day 1 

Images 
plot 1 
(mean) 

Flight 
Endur
ance 
(min) 

Flight 
Altitude 
AGL 
(m) 

Wind 
Speed 
Resist
ance 

(m.s 1) 

On-board 
GPS 

Accuracy 
(m) 

Front and 
End 

Overlaps 

DJI-
Phantom-4 
Pro+ 
Quadcopter 
  

1” 20-
Megapixel 
CMOS 
 

3-7cm 2-3 338 20 120-150 
20 
Knots 

5-6 
83% 
(front) 
84% (end) 

With 
mechanical 
shutter 

Terrain 
dependent 

Access & 
weather 
dependent 

 

Weath
er 
depen
dent 

Terrain 
dependent 

Max. RTK 
Terrain 
dependent 

 

The GCPs constituted square plywood panels painted by 4 equal alternating black and 

white sections (like chessboard) deliberately painted to enhance visibility. Hence, as 

the GCPs geolocations (xy-coordinates) were also recorded on-board GPS using the 

RTK system, their positions got validated during the visual inspection of the rectified 

orthomosaics.  

The figure below demonstrates the mounting of the GCPs that were used as original 

points of reference especially for the airborne flight survey. 
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Figure 19. GCP used as the original point of reference in ground-based and airborne surveys; 
Top-Bottom; (i) marking of ground-plot centroid for the GCP, (ii) outlook of GCP board, ready to 
be placed on the ground plot-centre, (iii) GCP placed on ground-plot centre, and (iii) GCP 
located in an aerial orthomosaic. 
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In a survey, the use of GCPs and Differential Global Positioning System (DGPS) or 

Global Navigation Satellite System (GNSS) portable base stations enhance 

global/absolute positional accuracy of the target ground features. Position accuracy in 

navigation refers to a degree of conformance between the estimated or measured 

position and its true position (Specht, 2021). Nevertheless, due to cost limitations it 

was not affordable for this academic study to hire a portable DGPS or GNSS base 

station. Section 3.3.5 details how this challenge was mitigated.   

3.3.1 Generic SFM photogrammetry  

Acquisition and processing of the airborne data covering Ntchisi Forest Reserve 

involved Structure-from-Motion (SfM) photogrammetry. The technique borrows its 

basic principle from conventional stereoscopic photogrammetry in that it also involves 

resolving of 3D structure from a series of overlapping offset-images captured from a 

camera sensor to form a scene (Fig. 20-left) (Westoby et al., 2012). Nevertheless, SfM 

differs from the traditional system in that scene geometry, camera positions and 

orientation of the camera are automatically resolved; thus, without the need to specify, 

but uses an algorithm (a priori) which constitutes a network of targets having known 

3D positions (ibid). 

While a stereoscope uses a single stereo pair of photographs to construct a 3D 

position (height), the SfM technique employs multiple overlapping photographs as 

input into feature extraction besides the reconstruction algorithms. SfM engages an 

algorithm that estimates height structural model of a scene from overlapping two-

dimensional (2D) image sequences taken from various locations and orientations 

above the focused scene (Westoby et al., 2012).  

During SfM photogrammetric process, scene geometry, camera positions and 

orientation are resolved simultaneously using highly redundant, iterative bundle 

adjustments procedure (Chu et al., 2018; Westoby et al., 2012). The resolution is 

based on features’ database automatically extracted from a set of multiple overlapping 

images. Hence, by employing SfM, the UAV-extracted canopy height is usually 

determined by means of canopy height models (CHM) obtained from the point-cloud 

data (Chu et al., 2018). The next illustration shows a DJI-Phantom-4 Pro UAV and the 

SfM Photogrammetry technique. 
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Figure 20. (Left)- DJI-Phantom-4 Pro UAV with camera sensor mounted on a gimbal, imaging at nadir 
angle; vertical take-off to Msankhire plot (P3) flight mission in Ntchisi Mountain Forest; (Right)-Structure-
from-Motion (SfM) Photogrammetry technique showing a moving camera acquiring overlapping images 
from different perspectives that are used to construct a third dimensional (3D) model. 

Source: (i) DJI-Phantom-4 Pro UAV-Author’s own captured during in Ntchisi (2019), (ii) SfM principle-

theia-sfm.org (2016).   

3.3.2 Ntchisi Forest UAV image processing  

The airborne observations acquired were processed in Agisoft Metashape 

Professional 1.4 (Table 9) using SfM photogrammetry technique under four main 

stages, vis-à-vis; photo alignment, point-cloud building, generation of mesh and 

building of orthomosaics (Table 9), as follows. The initial step involved photo-

configuration whereby the software algorithmically searched common points on the 

photographs prior to matching them. This entailed finding positions of the camera for 

each picture (i.e., Fig. 20-left) and refining camera calibration parameters.  

The second step involved building point-clouds and this required generation of data 

points that had matched. For this study, the point-clouds were classified into ground 

and vegetation feature classes because the prime interest was to separate the height 

of tree vegetation (canopy height) from the ground level layer.  
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The subsequent phase ensured exportation of the point-clouds to yield bare earth 

ground level input referred to as Digital Terrain Model (DTM), which is also a product 

of Digital Elevation Model (DEM). Using the exported material, a surface mesh called 

Digital Surface Model (DSM), was generated in a process otherwise termed as mesh 

building.  

The fourth stage involved generation of orthomosaics, which basically cascades the 

merging of geometrically rectified (aligned) photos into a large composition structure 

representing a 3D scene.  

The table below presents a brief chronological flow of the main tasks and parameter 

settings involved during SfM photogrammetric image processing undertaken for this 

research. 

Table 9. Main Steps and Parameter Settings Employed during SfM Photogrammetry. 

Task Parameter 

Align Photos 

Accuracy: High 

Projection Type: Geographic WGS84 (EPSG:4326) 

Pair selection: Generic Preselection 

Reference preselection: Source 

Key Points Limit: 40,000 

Tie points:4,000 

Build Dense 
Quality: High 

Depth Filtering: Moderate 

Build Mesh 

Source Detail: Dense cloud 

Surface Type: Arbitrary (3D) 

Quality face count:  High 

Interpolation: Enabled  

Select Point Classes: 

Build DEM 

Source data: Dense cloud 

Interpolation: Enabled  

Surface Type: Arbitrary (3D) 

Quality face count:  High 

Select Point classes: Ground 

Build Orthomosaic 

Surface: DEM 

Blending Mode: Mosaic  

Hole filling: Enabled 

 

The relative absolute height values of the resulting dense point-clouds were 

normalised using the DTM obtained from the orthophotos. Optical RGB spectral band 

information was used to generate 3D outputs in JPEG format and as an ultimate step, 
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while the outputs (orthomosaics, DSM, DTM and CHM) were converted into Tiff for 

further analysis and interpretation. 

3.3.3 Canopy Height Model generation and extraction  

Application of an algorithm for each plot’s 3D point-cloud data was set to conduct a 

geographic analysis that filtered DTM mesh from corresponding DSM structure in 

ArcMap (10.8.1) software. The process engaged the Map-Algebra function of the 

Spatial Analysis Tool, whereby each DTM mesh was mathematically subtracted from 

DSM using an Algebraic Boolean expression in the Raster Calculator. This yielded a 

preliminary CHM layer with values of different vegetation strata growing on the ground 

i.e., grass, shrubs, herbs and trees, etc. Since the minimum height of all the trees 

measured during ground-measurement was 2m, this was set as a threshold condition 

(i.e., >=2) for filtering the preliminary CHM of trees from lower vegetation. 

The variables for determining canopy height included maximum and median values. 

These were interpolated to a regular grid corresponding to DSM. Extraction of such 

values was conducted by overlaying point shapefile layers containing xy 

geocoordinates of individual trees measured during plot-based survey, but identified 

and geo-located on the UAV orthomosaics of each plot in ArcMap software. The 

GCPs, as previously mentioned, were the reference points for any target feature for 

geo-rectification purposes. 

For each DTM generated, extract-variables were derived describing plot-level canopy 

height in GeoTiff. These included, but were not limited to, maximum and mean values, 

standard deviation coefficient of variation, kurtosis, skewness, and percentiles. The 

values extracted from the CHM were later used for determining parameter 

relationships i.e., height, crown cover as well as predicting AGB, and C stocks for the 

reserve. 

3.3.4 Canopy cover generation and extraction 

UAV crown cover based on pixels from the CHM were separately computed for canopy 

cover percentage on a 20m radius scale, thus using crown diameter data from the 13 

ground-based plots as reference data. The process involved overlaying 20m radius 

ground-sample plot layers onto the CHM point clouds layer in ArcGIS 10.8.1 software. 
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This ensured that the airborne CHM datasets were extracted and calibrated from the 

exact positions of the ground-plots. The purpose was to determine whether the optical 

airborne datasets (at the 3-7cm resolution) could be employed to identify the geo-

locations of the individual trees as an initial step prior to estimating AGB, respective of 

objective 1 of this study.  

The initial task involved visual inspection of correct xy geo-locations (coinciding) of the 

point clouds and ground-based tree locations using the RGB orthomosaics while using 

GCPs as reference points. During the process, buffer layers of 20m radii were created 

using the GCPs waypoints as centroids. Using the ‘Extract by Mask’ function under 

the Spatial Analyst Tools of in ArcMap, forest cover/canopy pixels values depicting the 

proportional coverage of crown covered and non-covered areas were extracted from 

the CHM. 

  

Figure 21. CHM point-clouds in greyscale; for P9 (left) and P11 (right) of Ntchisi Forest Reserve 20m 
radius ground-plot scale at ≥2m threshold. White colour denotes canopy cover while black denotes low 
or no canopy cover. 

Source:(Kadzuwa and Missanjo, 2022b) 

The pixel values extracted from the point-clouds were exported to Microsoft Excel 

2016, and finally to GenStat 18.1 where they were tested against the ground-based 

measurements for their relationship using co-efficient of determination (R2) and Root 

Mean Square Error (RMSE). 
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3.3.5 Caveats in airborne observations and their mitigation  

The following were the key caveats and/or sources of error associated with the 

airborne observations; (i) phenology and seasonality changes, (ii) position error, and 

(iii) wind-speed upsurge. 

3.3.5.1 Phenology and seasonality challenges  

The airborne imagery acquisition was initially scheduled for the period between April 

and July 2019 in Malawi. This was the timing when the rains had just stopped and 

more importantly, the Miombo trees had leaves-on, thus for ideal signal detection 

using optical sensors (Figure 5) (Chidumayo, 2015, 1997; Kadzuwa and Missanjo, 

2022b; Kamusoko et al., 2014). Unfortunately, this was affected by the countrywide 

protests of the Malawi 2019 Tripartite Elections results. This resulted to shifting the 

exercise to September and October 2019, unluckily, when some tree species lost their 

leaves (leaf-off season) due to trees morphological response to dry season (Figure 5) 

(Chidumayo, 1997). This partly affected the spectral as well as structural detection of 

tree biomass as the branches and crowns were not properly resolved in the UAV 

imagery. Consequently, it yielded uncertainties as noted during extraction of CHM 

whereby some low and null values were generated from trees that lost leaves, i.e., 

Plots P1, P2 and P6, inter alia, and to a significant extent, affected parametric data 

correlational observations.  

While the most obvious remedy would have been re-surveying the forest in the next 

immediate leaf-on window, thus April-May 2020, this option was not feasible, 

unfortunately, due to funding constraints. It could not have materialised either due to 

the global lockdown conditions imposed to curtail the spread of Covid-19 pandemic, 

which resulted to a ban on both local and international travels in 2020.  

Nevertheless, the errors were partly offset technically, thus by running a median (low 

pass) filter over the CHM, from which maximum height values were extracted within a 

5x5 kernel (window size) which is regarded optimal for minimising local variation 

(Lindsay et al., 2019; Reitz et al., 2022).  

Again, as explained in section 3.3.3 (Algebraic Boolean expression applied in the 

Raster Calculator thus under CHM generation and extraction), the setting of ≥2 metres 
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threshold (as the minimum height) for the CHM also contributed to addressing this 

error. The threshold was determined based on the current (2019) gb data as well as 

the previous (2016) inventory conducted in the same forest whereby 2m was the 

average minimum height of all the individual trees sampled. The threshold filtered out 

the understory vegetation (i.e., the herbs, shrubs, and grasses) inter-spaced with the 

Miombo trees (Figure 5) and enhanced accuracy of the estimates.  

3.3.5.2 Morphological and anthropogenic challenges  

Akin to the gb measurements, some trees displayed overlapping and overhanging 

patterns which rendered difficulties in delineating their individual crowns and 

consequently their xy locations. This affected the accuracy of their AGB calculation. 

Research on Subtropical tree-species classification using airborne and Lidar data 

observed that overlapping of adjacent canopy affected accuracy of estimated 

individual crown diameter and tree height (Shen and Cao, 2017).  

In addition, the (i) thorny and leafless nature of some Acacia species dominant in P1 

and P2, (Fig. 51), and (ii) forest fire that scorched the same plots rendered difficulties 

in interpreting and comparing of canopy and biomass of these two datasets (Fig. 42). 

This was due to the contribution of both attributes to the reduction of leaf surface area 

and greenness of the targets features (trees) which consequently affected the spectral 

and structural detection of tree leaves and crowns that constitute biomass.  

Similarly, these morphological errors were compensated by running the low-pass filter 

which is renowned for reducing local variation (Lindsay et al., 2019). 

3.3.5.3 Position accuracy  

Since no base station DGPS/GNSS was employed, as aforementioned, the positional 

accuracy was affected. This was mitigated using the original coordinates recorded the 

2016 terrestrial inventory (a priori values) as reference xy points in relation to those 

recorded in the airborne imagery acquired by the RTK–GPS aboard the UAV. This 

involved the identification 2016 permanent sample plot centroids that were 

monumented with a metal bar and validating their coordinates. The centre of each 

GCP was deliberately coincided with the ground plots centroid for easy identification 

as well as for geo-referencing purposes.  
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Mitigation of the positional error process involved calculating the average of the 2016 

and the incumbent 2019 inventory (with predictable accuracy) of the plot centroids and 

tree positions acquired by the Garmin GPSMap64x handheld receivers in the 

permanent sample plots. To this effect, a generic spatial horizontal geolocation 

uncertainty of ±13m (positional accuracy) was observed throughout the imagery. This 

was mitigated by adjusting the imagery using the ground-plot centroid GCPs in 

ArcMap 10.8.1 software 

3.3.5.4 Terrain and viewing angle  

Airborne studies noted that aircraft position and orientation may result to error in 

measurements, thus in addition to the flying height above ground level (AGL) 

(Booysen et al., 2021; McKee et al., 2019). The mountainous landscape of Ntchisi 

which has a varied altitudinal plot range, estimated between 600-1720m (asl) rendered 

this artefact inevitable for the DJI-Phantom-4 UAV sensor used.  

A key study exploring optimisation of GCPs and Independent Control Points (ICPs) on 

rectification of high-resolution satellite imagery observed that the former are required 

for geometric correction of x and y positions to improve the overall image during ortho-

rectification (Hariyanto et al., 2019). In this respect, the terrain and viewing angle 

errors encountered in UAV imagery were mitigated by adjusting the images using the 

GPCs (with validated xy coordinates) placed at the centroids of permanent sample 

plots as reference points. 

3.3.5.5 Wind speed upsurge 

The eastern part and coincidentally the (windward) side of Ntchisi Forest is just ~25km 

away from Lake Malawi (Figure.12). This attribute exposes the forest to the effects of 

the South-easterly winds, locally known as ‘Mwera’ that blow over the lake to the 

mainland (Magrath and Sukali, 2009; Streefkerk et al., 2022). The winds are high with 

prevailing velocity known to cause property damage, especially to fishing boats and 

vegetation in Malawi (ibid).  

During the flight missions covering Plots 8 and 3 (P8 and P3), the survey was 

challenged by the sharp rise of the Southeasterly wind. The UAV wind speed sharply 

peaked beyond the expected maximum of 10.4 m.s-1 thus to 13.1 m.s-1. Such an 
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upsurge affected image capture by rendering temporary xy positional shifts of tree 

crown-point features that form the canopy height. This resulted to poor structure 

detection (of the maximum and lower limits of the crown) as detected by RGB camera 

sensor aboard the UAV. The shifts affected the combination sets of pixel values of 

features in the overlapping images, which would have become tie-points captured 

during SfM photogrammetric process as observed by several key studies (J. Chen et 

al., 2022; Uyttendaele et al., 2001; Westoby et al., 2012). As a result, the would-be tie-

points became slightly different in each image, thereby rendering each scene entirely 

different while forming a pattern of trees that is either redundant or wrongly located on 

the orthomosaics.  

A tropical forest study where optical and Lidar UAV airborne surveys were contrasted, 

observed that increasing the front and side-overlap in the imagery to 80%–85% (e.g., 

by increasing altitude, and/or flying slower), potentially improves results of estimations 

(McNicol et al., 2021). In this regard, this problem was also resolved in 2-fold for this 

study; first, the flight height was increased from 120m to 150m AGL and this 

automatically adjusted camera front and side overlaps, thus from within the range of 

70-72% and 83-84%, respectively. This improved the tie-point resolution.  

Second, the persisting tie-point challenges were resolved by stitching of the scenes 

which was done by the Precise Company in Lilongwe, Malawi.  

3.4 Satellite Imagery Acquisition and Key Properties Considered 

This study acquired 2019 radar backscatter measurements from ALOS-2-PALSAR-2 

and Sentinel-1-C-band and optical imagery from Sentinel-2 covering Ntchisi Forest 

Reserve, thus in addition to the ground-based measurements and the UAV 

orthomosaics. While the specific details have been elaborated separately in the 

subsequent sections, thus under each mission, the table below provides an overview 

of the key specifications of the satellite imagery employed. 
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Table 10. Primary Specifications of Acquired Satellite Imagery Used  

Satellite Acquisition Date/ 

Scene ID 

Res. Level EMS Band Spectral/ 

Polarisatio

n 

ALOS-

2PALSAR-2 

S13E033_19, 

S13E034_19 

25m  L HH+HV 

Sentinel-1 12-04-2019, 28-10-

2019 

20m L1-GRD C VV+VH 

Sentinel-2A 28-07-2019, 31-10-

2019 

20m L2 VIS, NIR 

SWIR,  

- 

Source: Japanese Aerospace Exploration Agency and Sentinel Hub EO Browser (powered by European Space Agency-ESA). Key: Res. 
=Resolution, EMS= Electromagnetic Spectrum. 
 

For the radar backscatter EO, this study considered their SAR sensor properties that 

may lead to geometric distortions due to the nature of their oblique angle of 

observation (side-looking), inherent attributes in all radar systems (Meyer, 2019; 

Woodhouse, 2006). These distortions have been categorised as; (i) foreshortening, 

(ii) layover, and (iii) shadowing (ibid).   

Under foreshortening condition, the SAR sensor facing slopes of the features under 

observation appear closer to the sensor as they diverge significantly from the surface 

onto which their slant range are projected (Woodhouse, 2006). In the case of a 

symmetric mountain, for instance, it would seem to be leaning towards the sensor in 

the radar image. While the extent of foreshortening depends on both the system’s look 

angle and on the object’s slope angle, its effects decrease with increasing look angle 

the target (Meyer, 2019).  

On the other hand, layover can be exemplified as being related to foreshortening in 

the way that its condition occurs in areas where the slope angle is greater than the 

look angle (Meyer, 2019; Woodhouse, 2006). Foreshortening may turn into layover 

e.g., in areas of steep slopes combined with steep incidence angles. This can result 

to the tops of mountains being imaged ahead of their base while backscatter from 

mountains may overlay with image information at closer and farther image ranges. 

Similarly, layer over can also be compensated if the look angle is increased (ibid).  

The shadow distortion condition occurs when the look angle is comparatively greater 

(than 900 in the direction away from the instrument) to the extent that areas behind the 

target such as a mountain cannot be seen by the sensor. Shadowing is more of a 

factor of local slope in relation to the imaging geometry as opposed to the absolute 
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height. Alternatively, radar image shadows can be described in principle as completely 

black and sharply defined since they correspond to areas where there is a complete 

lack of received information (Woodhouse, 2006). The shadow effects increase with 

increasing look angle, and they correspond to the region that lies behind objects in the 

imaged scene from which there is no return echo (backscatter/radar silence area) 

(ibid). 

Even though the major advantage of the ALOS-2-PALSAR-2 and the Sentinel-2 2019 

EO used in this study is that they were already orthorectified at the time of their 

acquisition, research has revealed that topography–related image distortions cannot 

be entirely removed (Meyer, 2019). Their geometric distortions effect over Ntchisi 

Forest which is a mountainous cannot be completely overruled, hence; these have 

been highlighted under the results and discussions of this report. 

As the SARs transmit microwave signals at an oblique angle, they measure the 

backscattered portion (in the direction of the sensor) of the signals to analyse features 

on the surface (Woodhouse, 2006). In this regard, the choice of the SAR sensors for 

this study also considered the scene parameters that affect radar backscatter (cross-

section) measurements indispensable to analysing features on the surface. Radar 

backscatter intensity is primarily, but not exclusively affected by the following 

parameters; 

i. surface roughness - determines how much energy is directed back to the 

sensor,  

ii.  dielectric constant (surface moisture) - of the imaged object guides whether 

how deep signals may penetrate scattering surface,  

iii. wavelength (influence of frequency) - determines how deep the energy can 

penetrate an object target,  

iv. signal polarisation - describes the orientation of the plane of oscillation of a 

propagation signal that effects the brightness of the image, and 

v.  incidence radiation angle- the angle between a ray incident on a surface and 

the line perpendicular to the surface at the point of incidence called the normal 

(Brolly and Woodhouse, 2012; Cutler et al., 2012; Ryan et al., 2012; 

Woodhouse, 2006). The individual effect and interplay of these parameters has 

also been covered under the results and discussions of this research report.  
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The table below displays some of the important technical details of space-borne SAR 

sensor considered prior to imagery data acquisition. These were reviewed for 

consideration under this study due to their unrestricted accessibility (for non-

commercial use). 

Table 11. Key Details of Some Significant Space-borne SAR Missions Providing Unrestricted 
Imagery 

Sensor Lifetime Band/Wavelength & 
Frequency 

Polarization Resolution Repeat cycle 
(days) 

ALOS-1 2006-
2011 

L-band λ =24.6cm FBS: HH, VV 
FBD: HH/HV, 
HH/VH  
PLR: HH/HV/VH/VV 
ScanSAR: HH, VV 

FBS:10x10m 
FBD:20x10m 
PLR:30x10m 
ScanSAR:100m 

46  

SENTINEL-1 2014 C-band λ = 05.6cm Single: HH, VV Dual: 
HH/HV, VV/VH  

Stripmap: 5x5m 
IW: 5x20m 
 EW: 20-40m 

Satellite:12 
Constellation: 6  

ALOS-2 
PALSAR-2 

2014 L-band λ =24.6cm Single: HH, VV, HV, 
VH  
Dual: HH/HV, 
VV/VH  
Quad: 
HH/HV/VH/VV 

Spotlight: 1x3m 
Stripmap:3-10m 
ScanSAR:25-100m 
 

14  
 

ESA CCI 
BIOMASS 
MAP (3rd 
version) 

2018 L-band λ =24.6cm (for 
Alos-Palsar) 

WB 100mx100m 
(Resampled) 

46 (for Alos-
Palsar) 

SEASAT 1978 L-band λ =24.6cm HH Az:25m; Rg:25m  
Source:(Meyer, 2019). Key: IW=Interferometric Wide Swath, EW=Extra Wide Swath, H= Horizontal, 

V=Vertical, Az=Azimuth, Rg=Range, WB=Wide Beam 

3.4.1 ALOS-2 PALSAR-2 radar backscatter measurements 

Two scenes of ALOS-2-PALSAR-2 2019 Forest/non-forest radar backscatter Ground 

Range Detected (GRD) dual-polarised horizontal-horizontal (HH) and horizontal-

vertical (HV) mosaic datasets were acquired from the Japan Aerospace Exploration 

Agency link 

(https://www.eorc.jaxa.jp/ALOS/en/palsar_fnf/data/2019/html2/download.htm) 

covering Ntchisi Forest Reserve. They were accessed on 7th April 2021, and they 

comprise; (i) S13E033_19, and (ii) S13E034_19 which are both Fine Beam, mode #2 

Dual polarisation Ascending pass Right-Looking-2019 (F02DAR) tiles. Their cell size 

(spatial/pixel resolution) is 25m x 25m. These datasets were created by mosaicking 

SAR images in backscattering coefficients with the same pixel resolution. 
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Apart from unrestricted access, employment of the ALOS-2 PALSAR-2 EO for this 

study was based on the ability of its SAR sensor to operate in the long wavelength's 

region (L-band, λ=23 cm). This attribute enables its signal to penetrate through forest 

canopies. The other advantage is that the PALSAR sensor operates regardless of 

cloud condition. These SAR aspects fit quite well in this Tropical Miombo Woodlands 

study of the Sothern Africa, whose trees are broadleaved, thus requiring long 

wavelength of radar energy to be detected. Besides, Malawi lies within a region where 

cloud cover is common (Phiri and Nyirenda, 2022), thereby requiring EO that are not 

highly affected the cloud condition.  

These HH+HV cross-polarisations were preferred to VV because the correlation of 

biomass and backscatter is usually better for longer wavelengths i.e., (L-band) and for 

cross-polarised measurements since the latter’s response is dominated by the canopy 

contribution rather than the surface component (Woodhouse, 2006). Primarily, these 

ALOS-2 PALSAR-2 images rendered the advantage of having their geometric 

distortions and topographic effects already corrected, to some extent, thus during their 

acquisition. 

In addition, the deeper canopy penetration attribute renders L-band (~23 cm 

wavelength) SAR imagery sensitive enough to forest biomass and eventually detect 

deforestation, besides being less affected by soil conditions when compared to shorter 

wavelengths (Woodhouse, 2006). The appropriateness of the ALOS-2 PALSAR-2 (L-

band) imagery for Ntchisi Forest Reserve lies in the fact that the Miombo trees (of 

Ntchisi Forest, the study site inclusive) are broad-leaved and therefore become the 

suitable target feature for the ALOS-PALSAR signals.  

The acquisition period of the ALOS-PALSAR datasets used for this study was 

deliberately timed together with the collection of ground reference data and the 

airborne orthomosaics over the same study site, thus September to October 2019. 

The matching of the temporal resolution of the datasets was intended to optimise 

comparability and render significant interpretation. 

Vegetation studies have discouraged the use of single-date satellite imagery (one 

period datasets) on the basis that they fail to capture dynamic vegetation changes in 

the ecosystem (Kamusoko et al., 2014; Kellndorfer et al., 2014; Woodhouse, 2006). 
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Inversely, two-time periods datasets (dry and wet season) are recommended for 

meaningful comparisons and interpretation due to their seasonal and phenological 

changes (ibid). On the contrary, this did not hold for ALOS-PALSAR-2 datasets in this 

study because their temporal resolution is one year. Apart from being relatively less 

affected by the weather conditions, the use of these single date SAR backscatter 

measurements has been compensated by incorporating two-time periods of wet and 

dry season EO from Sentinel 1 and 2.  

3.4.2 ALOS-PALSAR imagery pre-processing 

The Ntchisi Forest Reserve perimeter boundary vector dataset was acquired from the 

Surveys Department of Malawi as a shapefile layer that defines the study area. This 

was followed by re-projection of all the data-layers to GCS_WGS_1984 (Datum: 

D_WGS_1984) which was the original coordinate system for the ALOS-PALSAR and 

Sentinel datasets.  

The subsequent step involved inspecting the overlay and data interoperability of the 

data layers conducted in QGIS (3.10) software. This was followed by clipping of the 

13 plot boxes using 50ha UAV airborne plots as the dimension scale.  

Below is a map depicting the ALOS-PALSAR radar backscatter measurements 

sampling plot-unit distribution over Ntchisi Forest.   
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Figure 22. Ntchisi Forest Reserve sampling plot unit distribution for ALOS-PALSAR. Two separate 
imagery scenes (ALOS-PALSAR-33 and 43 with digital number values ranges of 343-11782 and 446-
7768 respectively) were required to cover Ntchisi Forest. Low reflectance (deep gray) on the forest 
edge in contrast to high reflectance in the interior characterising deforestation and forest cover, 
respectively. Big squares represent UAV 50ha (0.71km X0.71km) plot boxes overlaid on ALOS-2 
PALSAR-2 (L-band) imagery while the green circles (inset), represent ground plots (20cm radius) and 
the black dots represent plot centroids, where GCPs were placed.  
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The disparity between the value ranges of the two scenes (343 to 11783 for the ALOS-

PALSAR-33 and 448 to 7768 for ALOS-PALSAR-34) is attributed to the effect of 

structural and dielectric constant properties and surface scattering of the target, i.e the 

Miombo forest canopies (Cutler et al., 2012; Woodhouse, 2006). This was induced by 

the differences in the times that the two scenes passed the reserve in the two separate 

portions they cover it. The value disparities signify the direct influence of the varying 

environmental conditions observed in the forest during the various months of the year 

with regard to the relative dryness and the leaf-on or off condition of the target areas 

(Chidumayo, 2001; Urban et al., 2018; Vrieling et al., 2018). 

3.4.3 Sentinel-1 data acquisition and processing 

The study also acquired two-time periods (wet and dry seasons) 2019 Sentinnel-1-C-

band SAR (radar backscatter) cross-polarised (VV+VH) decibel-gamma0 

orthorectified datasets covering Ntchisi Forest Reserve. These were acquired from the 

EO browser website, thus; https://apps.sentinel-hub.com/eo-browser. The datasets 

were accessed on 25th March 2021 as Interferometric Wide swath (IW) products of 

10m x 10m (spatial resolution). Their spatial pixel resolution was 20m and they were 

acquired in the WGS 84 (EPSG: 4326) coordinate system (Figure 23).  

These wet and season datasets comprise of scenes captured on 12th April 2019 and 

28 October 2019, respectively. The timing of the acquisition period was based on the 

following considerations;  

(i) Seasonal phenology in the wet season (immediate post-rain data), but prior 

to leaf senescence (months of April–June),  

(ii) Dry season (September-November), and  

(iii) Scenes with minimal cloud cover (especially those with or close to same 

imagery date).  

The choice of both the wet and dry season datasets was to mask out the seasonal 

and phenological effects while utilising the proposed ideal remote sensing window for 

Miombo (Figure 6). Since radar backscatter intensity gets affected by surface moisture 

(Woodhouse, 2006); it is correspondingly affected by the spectral reflectance of 

Miombo woodland cover that is highly influenced by water/surface moisture availability 

as a factor of the short rainy and long dry seasons that alternate in the tropics (Chen 
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and Wang, 2008). One of the key benefits with S1 (acquired from the EO browser 

website) is the provision of the already orthorectified datasets.  

 

Figure 23. Ntchisi Forest Reserve sampling plot unit distribution for Sentinel-1: Big squares represent 
UAV 50ha (0.71km x 0.71km) plot boxes overlaid on sentinel-1 (C-band) Imagery while the green circles 
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(Inset), represent ground plots (20cm radius) and the black dots represent plot centroids, where GCPs 
were placed. 

3.4.4 ESA-CCI AGB data acquisition and processing 

This study has also employed open-source datasets provided by the European Space 

Agency’s (ESA) Climate Change Initiative (CCI) Biomass Project. The ESA-CCI 

biomass map version 3 datasets were derived from a combination of EO from the 

Copernicus Sentinel-1 mission, Envisat’s ASAR instrument and JAXA’s ALOS-1 and 

2, depending on the year (Santoro et al., 2021). Besides being unrestricted, the 

datasets were also preferred because they render quantified AGB stocks. Precisely, 

the datasets comprise global maps of AGB for four epochs (mid 1990’s, 2010, 2017 

and 2018) and use a map at a grid of 1km spacing, with a target relative error of less 

20% where AGB exceeds 50Mgha-1 (Santoro et al., 2021). 

For this study, the ESA CCI Biomass Map 2018 datasets covering Ntchisi Forest were 

acquired on 06/07/2022 from the following link; 

https://climate.esa.int/en/projects/biomass/. The specific tile covering Ntchisi Forest 

was coded by default as follows; S10E030_ESACCI-BIOMASS-L4-AGB-MERGED-

100m-2018-fv3.0.tif.  

The 2019 datasets (covering the base year for this research) would have been quite 

suitable for this study, nevertheless, these were not available under the ESA CCI 

mission, thus during the planned data acquisition period for this study. Instead, the 

2018 AGB stocks were acquired as the closest temporally. 

The 2018 datasets used include estimates of AGB stock in units of tonnes/ha i.e., 

Mg/ha as provided by the raster imagery. The imagery datasets comprise of the AGB 

stock calculated in mass, thus expressed as oven-dry weight of the woody parts (stem, 

bark, branches, and twigs) of all living trees excluding stump and roots for the year 

2018. 

3.4.5 SENTINEL-2-L2A VISIBLE/NIR/SWIR visualisation scenes 

Wet and dry season 2019 optical Sentinel-2 L2A scenes covering 28 July 2019 and 

31 October 2019 period for Ntchisi Forest Reserve were acquired in April 2021. These 

L2A-were acquired from the EO Browser (https://apps.sentinel-hub.com/eo-browser/) 

in the descending orbits. The datasets were in Visible/Near InfraRed and Short-Wave 

Infra-Red (Vis/NIR/SWIR) composite band visualisations.  
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The table below shows the bands, wavelength, and resolution characteristics for 

Sentinel-2A Multispectral Instrument. 

Table 12. Sentinel-2A Multispectral Instrument (MSI) Bands, Wavelength and Resolution 

Sentinel-2A MSI  

Band Spectral Region Wavelength Range 
(nm) 

Resolution (m) 

B1 Coastal aerosols 443 60 
B2 Blue 458-523 10 
B3 Green peak 543-578 10 
B4 Red 650-680 10 
B5 Vegetation Red Edge 698-713 20 
B6 Vegetation Red Edge 733-748 20 
B7 Vegetation Red Edge 773-793 20 
B8 NIR 785-899 10 
B8A NIR (Vegetation Red 

Edge)/narrow 
855-875 20 

B11 SWIR 1565-1655 20 
B12 SWIR 2100-2280 20 

 

As depicted from Table 12 above, the SWIR composite band combination (B12), the 

Visible/NIR’s Vegetation Edge (B8A) and the Visible Red (B4) operate within 2100-

2280nm, 855-875nm and 650-665nm ranges of the EMS respectively. However, the 

SWIR region is divided into SWIR1 (1500–1800nm) and SWIR2 (2000–2400nm) 

(Benseghir and Bachari, 2021; Neuwirthová et al., 2017; Wang et al., 2018). 

Generically, the Vis/NIR/SWIR band combination of the Sentinel-2 imagery was 

preferred due to its improved spectral resolution (10-20m) within the EMS windows. 

Particularly, the red-edge (RE) band has low reflectance over vegetation canopy due 

to its strong absorption of chlorophyll (Chen et al., 2018; Puliti et al., 2021; Wang et 

al., 2018). The RE band renders a high correlation with various physiological 

vegetation parameters, such as nitrogen and eventually, biomass (Wang et al., 2018). 

The RE spectral region lies in the sharp change of canopy reflectance range between 

680nm and 750nm, where a slope occurs (Table 12) (Wang et al., 2018). This attribute 

of the B5 and B6 provides a huge advantage for describing the status of plant pigments 

and health over other EMS bands. Hence, Sentinel-2 Vis/NIR/SWIR band 

combination, especially the red-edge is commonly used for detecting and assessing 
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vegetation cover as well as improving biomass estimation accuracy (C. Li et al., 2021; 

Wang et al., 2018).  

The SWIR composite band of Sentinel-2–L2A imagery displays vegetation in various 

shades of green i.e., the darker shades of green indicate denser vegetation while the 

brownish are indicative of bare soil and/or built-up areas (ibid).  In contrast, under the 

Vis/NIR regions of the EMS, the healthy vegetation absorbs strongly in the Red band 

and reflects strongly in NIR. In general, darker shades of green indicate denser 

vegetation (Wang et al., 2021). In this respect, vegetation (Miombo trees inclusive) 

appears in shades of green and is reflected in the B8A, otherwise known as the 

Vegetation Red Edge (865nm) of the Vis/NIR region.  

While the NDVI would have also been an appropriate technique to estimate AGB in 

the study, preference of SWIR band combination was primarily due to the following 

local conditions of the study area that are better monitored in this composite band 

combination;  

(i) Fire occurrences observed during the ground and UAV surveys (newly burnt 

areas) in the following plots; P7, P8, P9, P10, P11, P12, and P13, 

(ii) Mountainous nature of the forest with distinctive rock outcrops, in addition 

to the bare lands within the reserve (in all the plots except P1 and P2), 

(iii) Cultivated soils surrounding the entire boundary of the forest reserve (P9, 

P10, P13), and  

(iv) Extremely hot temperature (29.2oC to 42.1oC) and dry condition observed 

during the survey period (September to October 2019) (Government of 

Malawi, 2019b), all of which are better attributes for distinction of the 

spectral reflectance within the SWIR region. 

The SWIR’s attribute of being negatively correlated to water content (Benseghir and 

Bachari, 2021), renders another advantage for its preference since it is known to 

detect newly burnt land, features that reflected highly in these channels. This artefact 

remains ideal for detecting the fire that scotched Miombo Woodlands of Ntchisi Forest.  

The SWIR band combination has in other studies been successfully used to explore 

leaf-water content, water stress, forest fires, phenology, water bodies, soil moisture 
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and drought (Benseghir and Bachari, 2021). For the Ntchisi 2019 study, all the 

ecological circumstances hold i.e., forest fires and seasonal loss of tree leaves were 

conspicuous even during the ground and airborne surveys (Fig 42, 59 and 50) 

rendering the selection of the S2 SWIR datasets prominent.  
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Figure 24. Ntchisi Forest Reserve sampling plot unit distribution for Sentinel-2: Big squares represent 
UAV 50ha (0.71km X0.71km) plot boxes overlaid on Sentinel-2-SWIR-band imagery while the green 
circles (inset), represent ground plots (20cm radius) and the black dots represent plot centroids where 
GCPs were placed. Key: s2= Sentinel-2, swir=Short wave infrared, x= extracted imagery data layer.  

3.5 Imagery Data Resampling 

Resampling of the EO imagery was carried out in both Erdas Imagine (2020) and 

ArcGIS (ArcMap10.8.1) software for better comparisons and imagery optimisation. 

The UAV orthomosaics, ALOS-PALSAR, Sentinel-1 and 2 imagery datasets (7cm, 

25m, 20m and 20m pixel spatial resolution, respectively) were coarsened to provide 

an equal chance for better comparison at different scales. Precisely, this involved 

determination of AGB stock correlation at plot and pixel-by-pixel level for the 

quantitative analysis, and determination of the tree crown spatial pattern distribution 

(homogenous or heterogeneous arrangement) for the qualitative analysis. 

The resampling process entailed downsizing of the scene's spatial resolutions (xy cell 

sizes) as follows;  

(i) UAV orthomosaic plot scenes of DSM and CHM originally from 710m x 

710m (0.71km x 0.71km) each to 25m, 50m and 100m pixel spatial 

resolution, respectively, 

(ii) ALOS-2 PALSAR-2 radar backscatter originally from 25m x 25m to 50m and 

100m pixel spatial resolution, respectively, 

(iii) Sentinel-1-C radar backscatter (IW) (decibels) originally from ~10m (grid) or 

20m x 20m to 50m and 100m pixel spatial resolution, respectively, and 

(iv) Sentinel-2 Vis/NIR/SWIR imagery originally from ~20m to 50m and 100m 

pixel spatial resolution, respectively. 

The choice of the 100m x 100m pixel spatial resolution as a sampling scale was on 

the basis that the area dimension (10,000m2) is equal to 1ha (hectare) which is a 

standard unit measure for AGB in Malawi (Government of Malawi, 2019a). The 

dimension is also the original pixel spatial resolution scale of the ESA-CCI Biomass 

Map datasets used in this study (Santoro et al., 2021).  

On the other hand, the 50m x 50m pixel spatial resolution scale was chosen because 

the dimension is equivalent to a quarter of a hectare (0.25ha or ~0.3ha) which is a 

dimension more or less equal to the size most ground sampling plot units of the T-
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cluster design in Malawi (Government of Malawi, 2019a; Mueller, 2012; USAID 

PERFORM, 2017).  

The use of different pixel resolutions was to determine the efficient scale at which each 

EO imagery would estimate AGB biomass, C, and fractional cover with regard to 

accuracy.  

Below is a schematic diagram outlining the generic pre-processing workflow of the EO 

layers during the resampling process.  

 

Figure 25. Schematic workflow of fundamental imagery pre-processing stages outlining the generic pre-
processing tasks performed on the EO layers up to the resampling stage. 
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During resampling, the Nearest Neighbour and Bilinear Interpolation techniques were 

applied. The former was employed during crown distribution pattern visual (qualitative) 

analysis due to its efficiency in minimising changes to pixel values since it has got a 

record of  avoiding generation of unwanted values during such a process (Baboo and 

Devi, 2010; Qin et al., 2003). In addition, it was preferred for its suitability to process 

discrete datasets (ibid), i.e., land cover since the interest of the visual analysis was to 

determine whether an area is covered by forest (tree crown cover) or not followed 

(Baboo and Devi, 2010; Qin et al., 2003). 

Despite its challenges of changing the pixel values to some extent, Bilinear 

Interpolation technique was preferred for the quantitative data analysis only (visual 

imagery interpretation) due to its ability to infer pixel-by-pixel value as used in the 

correlations of the imagery continuous (AGB) datasets, thus, as recommended by 

previous studies (Baboo and Devi, 2010; Qin et al., 2003). Engagement of the 

technique took advantage of the Miombo Woodlands forest cover structure which is  

continuous dataset with no distinct boundaries; thereby rendering it easy to distinguish 

canopy cover and bare area surface patterns using closest pixel related points 

(Accadia et al., 2003; Kim et al., 2019; Solberg et al., 2015) 
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CHAPTER-4 

4.0-RESULTS AND DISCUSSIONS 

This chapter delivers the analysis and outcomes pertaining to the datasets employed 

by this research. It displays the trends assumed by the AGB and C stocks, and the 

crown spatial distribution patterns over Ntchisi Forest, vis-à-vis; (i) ground-based (gb) 

measurements, (ii) airborne observations, and (iii) satellite EO. It further provides their 

explanation with regard to local circumstances of the forest reserve. 

While data patterns have been explained with the aid of bar charts, scatter plots and 

tables, the parametric correlational relationships explored were derived through the 

Analysis of Variance (ANOVA) technique following the Linear Regression (LR) 

method. This was done to test the statistical differences between their treatments’ 

mean values determined using the Fishers’ Least Significant Difference (LSD) set up. 

A probability value (p-value) was set at 0.05 level of significance and the Pearson’s 

co-efficient of determination (R-squared), Root Mean Square Error (RMSE) and Bias 

they were employed to explain the relationships observed between the treatments. 

The simple and straightforward relationships were analyses in Microsoft Excel (16)  

while the relatively complicated ones were computed using GenStat (18.1) and 

RStudio (R-3.6.1) programming software.  

4.1 Ground-based Data Analysis and Trends 

This subsection renders trends observed after analysing the gb measurements 

acquired over Ntchisi Forest, and more importantly, conveys explanations to the 

patterns. The key variables tested include; (i) dbh and height, (ii) dbh and crown 

diameter, (iii) AGB and dbh of dominant (10 largest diameter) trees per plot, and (iv) 

AGB and fractional cover (Crown Area). 

Table 13 below shows a summary of the total number of plots, individual trees and 

AGB in tonnes of carbon (tC) sampled in Ntchisi Forest. 
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Table 13. Summary of 2019 AGB stock estimated from the 13 Permanent Sampling Units of 
Ntchisi Forest at 95% Confidence Interval, and 10% Precision Error, using Local Allometry 
(Equation 1 and 2) derived from (Kachamba, 2016). 

 No. of 
Plots 

 Tree 
Observations 

Mean AGB (tCPlot-1) (0.1ha) Mean AGB (tCha-1) 

Equation 1  Equation 2 Equation 1 Equation 2 

13 216 2.7 2.6 44.5 43.3 

 

From the total 13 circular ground-plots of 20m radius (0.1ha), a sample of 216 

individual tree observations was measured and its AGB computed using both Equation 

117and Equation 218 in Table 13, above. The employment of both allometry was for 

comparison's sake.  

Overall, the plots registered on average, AGB values of 44.5tCha-1 and 43.3tCha-1 

using Equation 1 and Equation 2, respectively. The total mean AGB per each plot 

(0.1ha) were 2.7tCha-1 and 2.6tCha-1 for Equation 1 and Equation 2, correspondingly. 

These findings were compared to the 2016 Ntchisi inventory and the 2018 and 

2020/21 countrywide terrestrial assessments and they portray a consistent and 

expected pattern of estimates and predictions of not only the AGB and stocking 

density, but also the dbh and height parameters, inter alia (Government of Malawi, 

2019a; Tetra Tec and Winrock International, 2021, 2022; USAID PERFORM, 2017).  

For instance, the 2016 study’s mean AGB estimate (using Equation 1) was 45tCha-1, 

while the incumbent study’s is 44.5tCha-1 and the current statistics also fall within the 

expected range (Government of Malawi, 2019a; Skole et al., 2021). The marginal 

biomass reduction of 0.5tCha-1 registered by this study’s analysis (2019) compared to 

the 2016 inventory is attributed to the effect of escalated anthropogenic threats 

projected since 2007, which include wood extraction (firewood, charcoal, poles, and 

timber), dry season fire and grazing (Chinangwa et al., 2016; Ntchisi District Assembly, 

2014, 2007). Many of these factors were also physically encountered during this 

study’s data collection period in October 2019 (Figure 42). 
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Table 14 and Figure 26 below display the range and mean values of dbh and ht, 

indispensable parameters that determine AGB and canopy cover, estimated per plot 

in Ntchisi Forest.  

Table 14. Tree Dbh and Height Parameter Value Ranges for Ntchisi AGB Estimations 

Plot Plot dbh (cm) Height (m)  
Name  Number Minimum. Maximum. Minimum. Maximum. 

Mndinda 1 6.7 53.5 2.7 16.2 
Kajaliza 2 31.9 49.0 13.3 20.0 
Msankhire 3 6.0 31.5 2.9 15.1 
Mkomba 4 8.0 53.3 4.9 17.8 
Chenche 5 5.0 59.5 4.0 14.4 
Mandwe 6 11.8 41.9 5.3 12.1 
Chanika 7 11.3 31.8 7.4 16.0 
Chifwelekete 8 6.5 42.7 4.0 27.6 
Kasakula 9 5.5 45.1 2.3 20.1 
Mnguluwe 10 5.4 35.6 2.4 11.9 
Sambakunsi 11 7.4 33.2 3.2 8.9 
Mpamila 12 6.0 32.7 2.9 11.6 
Nyanga 13 11.2 52.9 6 16.4 

Plot Overall Mean 10 42 4.7 16.0 

Key: dbh (cm) = diameter at breast height in centimetres, ht (m) = tree height in metres. 

Forest studies have recommended that accurate dbh and ht variables remain 

significant indicators for quantifying morphological characteristics that determine 

growth and yield models which can render AGB and C stock estimates (Heo et al., 

2019; M. Liu et al., 2017). In this study, both the dbh and height parameters were used 

to inform the AGB and fractional canopy cover, parameters that have an indispensable 

role in linking the ground-based measurements to the airborne and satellite imagery 

in the subsequent sections.  

The next figure derives a graphical comparison of the dbh and ht parameters observed 

per plot basis. These have been plotted using their mean values.  
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the trees, should the disturbances be curtailed. However, an account of these 

anthropogenic factors and their effect on AGB, canopy cover and other woody 

components has been presented from Figure 27 onward.  

Table 15 below shows AGB per plot (0.1ha plots), stem density20 and area coverage 

of forest management blocks and plots covering Ntchisi Forest. 

Table 15. Summary of AGB Stock and Stem Density Measured during Ntchisi Forest Inventory 

Block Area (ha) Plot No Mean AGB (tCha-1) Stem Density 

Eq1 (dbh) Eq2 (dbh 
& ht) 

Stem plot-1     Stem ha-1 

Mpamila 252.92 12 29.4 23.4 15 119 

Nyanga 125.77 13 66.5 61.2 24 191 

Mandwe 373.81 6 25.1 22.7 10 80 

Kasakula 848.62 9 50.4 42.7 20 159 

Chenche 804.4 5 59.5 55.2 22 175 

Msankhire 689.67 3 50.5 43.4 22 175 

Mndinda 439.34 1 47.7 44.2 16 127 

Kajaliza 207.26 2 25.1 29.9 7 56 

Mkomba 472.75 4 58.3 55.9 19 151 

Chanika 819.12 7 35.8 39.3 11 87 

Chifwelekete 420.54 8 68.8 99.2 24 191 

Mnguluwe 262.01 10 25.2 20.0 10 80 

Sambakunsi 361.04 11 36.2 25.8 16 127 

 

In Table 15 above, Ntchisi Forest portrays a diverse range of AGB stocks and stem 

density. The AGB ranged from as low as 25.1tCha-1, singly, for both Mandwe and 

Kajaliza, to as high as 68.8tCha-1 for Chifwelekete. 

The figure below displays the stem density statistics measured on ground plot scale 

of Ntchisi Forest.  

                                            
20Stem or tree density = Sum of all stems per given plot, or block level  
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social and environmental economic factors that define forest degradation and 

deforestation of the Miombo Woodlands in the Southern Africa (Kalaba et al., 2013; 

Munthali, 2013; Munthali and Murayama, 2015).  

Besides registering most dangerous steep slope (74%), Chifwelekete plot sits deep 

inside the Ntchisi Forest, ~1.7km from the peripheral in contrast to Kajaliza which is 

fairly flat (10% slope), but it is only ~1km away from the forest boundary (Fig. 22 and 

23). A deforestation modelling study on Malawi’s Miombo Woodland (Dzalanyama 

Forest) revealed that factors such as short distance to the forest, existence of 

roads/paths (accessibility) and forest settlement/edge encourage communities to 

exploit wood resources more and contribute to forest loss (Munthali and Murayama, 

2015). Inversely, the long distance and rugged terrain of Chifwelekete contributed to 

its better conservation by default, thereby attaining higher biomass compared to the 

Kajaliza (Table 15). 

Additionally, Chifwelekete and Nyanga plots registered the richest stand density of 24 

stems plot-1 each, followed by Msankhire and Chenche with 22 stems plot-1 each. The 

least stocked plot was Kajaliza (7 stems plot-1). Nevertheless, despite this stand 

density, Kajaliza recorded the largest plot mean dbh (36.8cm) and second highest 

mean height (16m) (Fig. 26). In reverse, Mpamila recorded the lowest mean dbh 

(13.2cm) and second least mean height (5.8m), yet, it has a high stand density, thus 

slightly more than double (15 stems plot-1) that of Kajaliza.  

The above-mentioned trends typify the tree stand ecological economics on growing 

space and nutrients whereby an increase in growing space of trees correspondingly 

results to increase in dbh (Peters, 2005; Theron and Bredenkamp, 2004). These 

studies further observed that where trees grow with high stand density that might have 

induced low dbh, thinning/selective, harvesting is introduced to yield an increment in 

dbh (ibid). Therefore, for Kajaliza, despite being prone to fire that is escalated by the 

dry and hot-micro-climate of the area (Government of Malawi, 2019b); the same fire 

occurrences play the role of thinning through killing and inhibiting other trees and 

vegetation that would have competed with the remaining measured trees for growing 

space and nutrients. As a result, despite contributing to the reduction of stand density 

comparatively, fire positively renders considerable indirect effect of inducing dbh and 

ht growth (Fig. 26, 27 and Table 15) (Theron and Bredenkamp, 2004). 
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The opposite scenario holds for Mpamila which recorded slightly more than double as 

much (15 stems plot-1) as Kajaliza. In this case, the higher density induced competition 

for growing space and tree nutrients, resulting to low mean dbh and height. These 

trends uniquely characterise Miombo Woodland stands whereby distribution of stems 

frequencies decrease with increasing dbh parametric values, otherwise, referred to as 

inverse J-shape curve (Gonçalves et al., 2017; Isango, 2007; Peters, 2005; 

Syampungani et al., 2016).  

Figure 28 below depicts tree species abundancy23 and richness24 enumerated on 

ground-based plots of Ntchisi. An index code for the tree species presented is provided 

separately (Appendix III).  

 

Figure 28. Plot-based species richness and abundance of Ntchisi Forest; Kasakula and Chenche are 

most abundant plots with a total frequency count of 16 species comprising Brachystegia bussei and B. 

manga each, respectively, followed by Msankhire (6) species and Mnguluwe, Kajaliza and Mandwe 

with 2 each. 

                                            
23 Species abundance is the frequency of the same species in an area or community 

24 Species richness is the count of different species in a given an area e.g. per plot 
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On average, Kasakula and Chenche emerged the most abundant plots, registering a 

total frequency of 16 species each, comprising of two species, namely; Brachystegia 

bussei and Brachystegia manga. Msankhire recorded the highest species richness 

totalling to 6 while a record of 2 was enumerated from Mnguluwe, Kajaliza and 

Mandwe, each. Generally, the plots showed high variation in terms of species 

composition. The figure below illustrates the species biodiversity and abundance of 

Ntchisi Forest enumerated during the ground-based measurements in 2019. 
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Figure 29. Species diversity and abundance of Ntchisi Forest enumerated during the 2019 ground-
based inventory. 40 distinct species identified, 6 dominant ones include; Diplorhynchus condylocarpon, 
Julbernadia globiflora, Uapaca kirkiana, B. bussei, B. manga and B. boehmii. The dominance of D. 
condylocarpon signifies the effect of fire disturbance, resulting to plant habitat secondary succession 
that gives chance to fire-resilient species at the expense of the previous dominant ones. 

Figure 29 above, depicts tree species diversity25 and abundancy enumerated during 

the ground-based inventory. A total count of 40 distinct species of live trees were 

                                            
25 Species diversity is the number of different species that are represented in a given community. 
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identified in the field, out of which the 6 are dominant ones and these include; 

Diplorhynchus condylocarpon, Julbernadia globiflora, Uapaca kirkiana, B. bussei, B. 

manga and B. boehmii, listed in order of abundance. The least 3 abundant species 

include; Monotes africanus, Uapaca sansibarica and Ximenia caffra.  

While U. kirkiana is a light demanding and semi-fire tolerant species, D. condylocarpon 

is on the other hand, an understory and fire tolerant species (Chidumayo, 1997; 

Gonçalves et al., 2017). Hence, their emergence in the dominant category is 

characterised with plant habitat succession, thus after the plots were exposed to fire 

and selective harvesting (ibid). This entails that forest fire and wood extraction 

impacted hugely on the previously dominant species through inhibiting their 

regeneration, thereby giving chance to the current species to dominate. 

Notwithstanding edaphic factors, the species variations characterise the unique niche 

that each species ecologically plays in each habitat/plot or site, though strong 

environmental changes caused by anthropogenic factors such as fire and wood 

extraction also contributed (Chidumayo, 1997, 1991; Gonçalves et al., 2017; Isango, 

2007; Kalaba et al., 2013; Wale et al., 2012). 

The current species richness of 40 is slightly lower than 55, thus, the total count 

recorded during the 2016 Ntchisi Forest inventory (USAID PERFORM, 2017). The 

decrease can be attributed to site edaphic differences induced by the lower number of 

plots (13 compared to the 18 inventoried in 2016) that translated to correspondingly 

less site diverse covered by this incumbent study, due to funding limitations. Previous 

studies observed that differences in Miombo tree species diversity may arise due to 

site variations and strong environmental changes caused by human induced activities, 

among others (Gonçalves et al., 2017; Isango, 2007).  

Nevertheless, employment of 13 sampling units for this academic study did not 

compromise the pre-set sampling probability of CI (95%) and precision error (10%), but 

rather followed the initial sampling plan set during the 2016 REDD+ inventory. Despite 

realising the sufficient sample size of 13 plots under the pre-set CI, the 2016 study 

resampled five extra plots (adding up to 18) to attain a representation of all the villages 

participating under the forest management block system. Though more of a managerial 

decision (aimed at avoiding conflicts among the communities governing the forest) than 
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a statistical one, this yielded a higher species density than the one observed under this 

study, thus with 13 sampling plot units.  

Besides, research has noted that a species richness range of 40-55 is considered 

higher diversity and potentially an indicator of greater stability for a Miombo community 

structure (Isango, 2007). Again, the reduction in species richness is partly attributed to 

the interplay of fire and wood extraction, events that were spotted even during the field 

inventory and have been well documented by previous studies (Chinangwa et al., 2016; 

Ntchisi District Assembly, 2014, 2007). Furthermore, research in Miombo Woodlands 

has revealed wood harvesting and fire as the major factors affecting tree species 

diversity and succession in the long term (Chidumayo, 1997; Gonçalves et al., 2017).  

In Miombo Woodlands, wood extraction in form of charcoal, timber and poles is quite 

associated with species loss due to its nature of targeting specific tree species of 

preferential diameter classes (Chidumayo, 1997, 1991; Kalaba et al., 2013). For 

instance, high calorific value species (i.e., diameter ≥10cm of B. boehmii, B. bussei or 

B. utilis are targeted for charcoal) whereas high bending and splitting strength species 

of J. paniculata and J. utilis are preferred for timber and poles (Chidumayo, 1991; 

Kalaba et al., 2013). In this regard, it is not surprising for this incumbent study to record 

a noticeable decline of the tree species in question, at least when compared to the 

2016 inventory.  

Except for D. condylocarpon, the rest of the dominant species also prevailed as the 

most abundant during the 2016 inventory. Despite J. globiflora and Brachystegia spp. 

regarded as the typical dominant trees of Miombo ecosystem (Chidumayo, 1997), the 

emergence of D. condylocarpon, (a sub-dominant species) in the dominant category is 

attributed to the effect of high fire frequency and light intensity alterations on woodland 

structure and composition (Lawton, 1964; Maquia et al., 2013). Under Miombo 

ecological composition, D. condylocarpon is fire-resistant, better still known to 

withstand repeated burning or fierce dry fire seasons (ibid). This has rendered its 

gradual dominance.  

During the ground data collection for this study, fire and post-fire occurrences were 

encountered, i.e., burned biomass, in all the plots (Fig. 42). The emergence of D. 

condylocarpon in the dominant category confirms the ecological disturbance rendered 
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by forest fire (Chidumayo, 1997). This is in addition to other anthropogenic factors such 

as wood extraction that open the canopy and enhance light conditions which in turn 

induce growth of the initially sub-species to dominate (Chidumayo, 1997; Chinangwa 

et al., 2016; Ntchisi District Assembly, 2007).  

4.1.1 Plot-based tree crown analyses  

The crown cover computations for this study adopted the following assumptions;  

(i) Individual tree crowns fell inside the 20m radius circular plots, and  

(ii) Tree crown overlaps and clumping encountered in some plots and some of 

these trees shared the same xy coordinates (Fig. 17 and 41). 

During the ground data analysis, the following parameters were considered in relation 

to AGB;  

(i) The contribution of biggest/dominant trees (10 large diameter trees of each plot) 

to AGB, 

(ii) Canopy cover, and, 

(iii) Fractional cover (expressed as a percentage). 

The next figure displays the mean crown diameter (cd) values per plot calculated from 

the individual trees measured during the ground inventory. 
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huge trees available, the more the AGB they provide, thus following the given 

assumption (Meyer et al., 2018).  

Mpamila is located slightly more than double as much farther from the boundary 

(~1.8km) and has portrayed exceptionally high AGB contribution (89%) compared to 

Nyanga (62%), which is also closer to the peripheral of the reserve (0.8km).These 

observations provide a good fit to the established investigations that accessibility 

perpetuated by short distance in Miombo Woodlands contributes to enhanced wood 

extraction and ultimately decrease in the forest loss, while the opposite is true 

(Manyanda et al., 2021; Munthali and Murayama, 2015). These findings typify the 

influence of the proximate drivers of deforestation degradation in Miombo Woodlands 

of Malawi (Munthali and Murayama, 2015). 

4.1.2 Crown area and AGB  

The table below displays statistics computed from the crown projected area of 

individual trees sampled in each of the 13 sampling units of the Ntchisi Forest during 

the 2019 ground-based survey. 

Table 16. Ground Plot (0.1ha) Summary Trends for Canopy Cover from Tree Crown 
Measurements of Ntchisi 

Plot no. Plot name  Min. CA plot-1 

(m2) 

Max. CA plot-1  

(m2) 

Σ CA plot-1 

(m2) 

Σ Plot FC %  

Mpamila 12  1.4 26.4 87 7 

Nyanga 13  3.8 130.3 758 60 

Mandwe 6  3.4 97.9 447 36 

Kasakula 9  2.0 69.5 535 43 

Chenche 5  0.1 166.9 832 66 

Msankhire 3  7.2 90.2 661 53 

Mndinda 1  19.6 143.1 817 65 

Kajaliza 2  17.0 132.3 432 34 

Mkomba 4  5.1 160.7 1004 80 
Chanika 7  5.5 123.4 516 41 

Chifwelekete 8  1.7 77.0 939 75 

Mnguluwe 10  2.8 70.4 345 27 

Sambakunsi 11  4.8 94.8 505 40 
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Table 16 above shows crown projected area or simply crown area26 (CA) statistics 

comprising minimum (min.), maximum (max.), mean and fractional cover27 percentage 

(FC %) of each plot of 0.1ha (1257m2) estimated during ground-based measurements. 

The range of CA per plot is 0.1-166.9m2 while that for the total CA is 87-1004m2. 

Mkomba registered the highest fractional canopy cover (FC) (80%) followed by 

Chifwelekete (75%) and Chenche (66%) while the least (7%) was recorded in 

Mpamila. Correspondingly, these three densely covered plots have displayed an 

above-average trend mean dbh and mean height of >21cm and 8.5m, respectively. 

This is in contrast to Mpamila’s mean dbh and mean ht of 13.2cm and 5.8m, 

respectively (Fig 26). These observations signify a positive relationship between dbh 

and height. They further support the premise that there is strong correlation between 

tree dbh and crown size measured during field-based assessments (Gonzalez-

Benecke et al., 2014; Shimano, 1997).  

The low fractional cover of Mpamila is attributed to its biophysical nature of being easily 

accessible due to the vaialability of footpaths, roads and bicycle tracks. These 

structures are extensively used by tourists and officials from Ntchisi Forest Plantation 

(Government of Malawi) and Ntchisi Forest Lodge for management and commercial 

purposes. Despite being far from the forest peripheral, the road/paths network 

facilitates access to wood exploitation and fire incidents in Miombo (Chidumayo, 1997; 

Munthali and Murayama, 2015). The remarkable footpath network further caters for 

shortcut to south-west part of villages surrounding the mountain forest. Invariably, 

these structures orchestrate reasonable access to the plot’s wood resources and 

accelerate harvesting of targeted species, as exposed by the dominance of trees of 

the lower dbh class (6-14.9cm, Table 15) i.e., 11 out of 15 representing 73% in the 

plot (Fig. 26).  

Additionally, wood harvesting in Mpamila potentially prompted by the dominance of B. 

boehmii i.e., 8 out of 15, representing 53% (Fig. 28 and 29), which is slightly more than 

half of the plot’s species richness. The high wood extraction is prompted by the 

                                            
26Crown area is the outermost perimeter (envelope) of the crowns that form part of the upper canopy level (dominant and (or) co-

dominant stratum)  

27Fractional cover refers to the proportion of an area that is covered by each member of a pre-defined set vegetation or land 

cover types i.e., individual trees in plot, block or forest 
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species’ high calorific value, an attribute that provides an edge for their firewood and 

charcoal preference over other species (Chidumayo, 2019; Chiteculo et al., 2018). 

Retrogressively, this has left Mpamila with many juvenile trees whose crowns are not 

yet fully developed to contribute considerable fractional cover (Fig. 26).   

Mkomba, Chifwelekete and Chenche plots are also located moderately deep inside 

the forest, hence, their distance attribute relatively deters communities from accessing 

wood products, resulting to higher FC% and dbh (Fig. 24) as observed by the previous 

study (Munthali and Murayama, 2015). Besides, Chifwelekete sits on an extremely 

dangerous terrain (~74% slope, Table 6), canvassed by several drifts and streams, 

biophysical factors that further dissuade communities from travelling to extract wood 

resources. This supports the assumption that in the tropics, wood exploitation and 

deforestation are facilitated by flat topography (Mendes et al., 2019). A review on study 

spatial pattern in Miombo Woodlands established a negative correlation between 

deforestation/forest degradation and distance from some biophysical factors, i.e., the 

farther communities are located from rivers, roads, and forest boundary, the less the 

deforestation and/or degradation occurs (Munthali and Murayama, 2015). 
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Figure 33. Frequency distribution and percentage density of canopy cover estimated from tree crown 

diameter measurements sampled in Ntchisi Forest Ground Plots. 46.1% of the forest is covered with 

moderate canopy density (25-50%) followed by 38.5% with relatively high canopy density from the 

percentage class of (51-76%). The two density classes yielded 84.6% of canopy cover density. 

The figure 33 portrays the frequency distribution of canopy cover estimated using the 

tree crown diameter measurements of all the 13 ground-based plots sampled in Ntchisi 

Forest. It further derives the canopy cover density in percentage. The trend shows that 

the reserve has more areas (46.1%) with moderate canopy densities (25-50%) 

followed by those (38.5%) with higher canopy densities (51-75%). While this implies 

the reserve is well covered by forest (84.6%), the 7.7% cover within the range 76-

100% suggests there are few areas densely covered by trees. Some of these have 

individual tree crown overlaps and/or multi-story canopies which were also observed 

during the 2016 inventory (USAID PERFORM, 2017).  

Inversely, the low canopy density (7.7%) from the 0-25% range can be attributed to 

the intensity of the anthropogenic activities such as wood extraction (firewood, timber, 

poles, charcoal etc. for both domestic and commercial use), effect of fire and grazing 
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that the reserve encounters (Fig. 42) (Chinangwa et al., 2016; Ntchisi District 

Assembly, 2007). 

4.1.3 Parametric correlational relationships of ground measured variables 

This section delivers the correlational relationships of tree parameters analysed using 

the coefficient of determination (R2). Initially, the ground-based parameters (dbh, 

height and crown diameter) were subjected to an exploratory regression analysis to 

uncover how they relate with each other. This was followed by analyses that involved 

upscaling of the datasets through calibration and validation (through regression 

technique) of the airborne and satellite EO while using the ground-based (gb) 

measurements as reference data.  

Initially, the following set of regression analyses were run in order to establish the 

relationship of the gb and the low-cost optical airborne based datasets; (i) gb individual 

tree height versus airborne (UAV) based height, (ii) gb fractional cover versus UAV-

based fractional cover, and (iii) gb AGB and UAV based fractional cover. Upon 

establishing the correlational relationship of the gb and the UAV based measurements, 

the next stage involved upscaling the datasets using the unrestricted satellite EO. This 

was done by conducting regression analyses of the following; (i) gb AGB versus 

ALOS-PALSAR-2 based AGB, (ii) gb AGB versus ESA-CCI biomass Map based AGB, 

and (iii) gb AGB versus Sentinel-1C-band measurements.  

During the preliminary analysis, some relationships were inexplicit due to the 

environmental factors encountered at the time of data acquisition visa-vis; (i) tree 

phenological and seasonal changes (fire inclusive), (ii) terrain, (iii) abrupt wind speed 

changes encountered during UAV flight missions (afore-mentioned in section 2.8). In 

such circumstances, regression analyses served to better clarify the relationships. 

Studies reveal that regression models have been used to select independent variables 

and improve the coefficient of determination (Adame-Campos et al., 2019; Kadzuwa 

and Missanjo, 2023; Kronseder et al., 2012).  

The diagram next demonstrates the correlation of the gb measurements involving 

individual tree dbh and crown diameter parameter values of 10 largest trees 

(dominant) from each of the 13 plots of Ntchisi. 
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correlational relationships and more importantly, the AGB estimates at large. 

Research indicates that while dominant plants bear linear diameter-height trajectories, 

the suppressed display curved patterns, with diameter growth declining more than 

height growth (Fig. 35) (Sumida et al., 2013). 

The next figure shows the status of the canopy cover density of one of the Miombo 

plots captured during the 2019 ground based AGB inventory. 

 

Figure 35. Low canopy cover density of plot 5 (P5) due to fire and wood extraction sampled in  Ntchisi 

Forest; (i) open/sparse canopy cover, (ii) learning and sprouting trees bearing small sized crown, and 

(iii) uneven height and wide range of diameter classes due to fire and wood extraction. These affect 

biomass estimations modelling. 

Dry season forest fire contributes to the structural changes of the Miombo woody 

biomass thereby affecting biomass mapping efforts (Chidumayo, 1997; Kamusoko et 

al., 2014; Ryan and Williams, 2011). A study focusing on modelling of Miombo showed 

that the woodland’s tree populations and biomass are overly sensitive to fire intensity 

i.e., large stems (>5 cm dbh) are vulnerable to fire, with top-kill rates of up to 12% in 
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intense fire (Kadzuwa and Missanjo, 2023; Ryan and Williams, 2011). A recent study 

on the effects of drivers and their variations on stem density and aboveground carbon 

removals in Miombo woodlands of mainland Tanzania revealed that fuelwood and 

charcoal caused higher degree of tree removals (Manyanda et al., 2021).  

Further analysis involving all trees sampled per plot in this study exposed a diverse 

range of strengths of correlation, thus from R2 0.5 to 0.8 (Fig. 37). This, therefore, 

implies that there are different environmental and anthropogenic factors leading to the 

variations in plot-level AGB and C stocks and they ought to be well understood to 

accurately estimate the stocks in these Miombo Woodlands. 

The next figure is a scatter plot displaying the relationship of gb AGB in tCha-1 and gb 

fractional cover percent analysed from the 0.1ha 13 sampling ground plots of Ntchisi 

Forest. 

 

Figure 36. Correlation of ground-based AGB in tCha-1 and ground-based Fractional Cover percent (R2 

= 0.7) for each of the 13 ground plots in Ntchisi Forest. An example of how fractional cover is closely 
related to AGB. 

The above graph shows an incredibly positive correlation (R2 = 0.7) of ground-based 

AGB (tCha-1) and ground-based fractional cover percent. The AGB and fractional 

cover (FC%) trend displayed sufficiently supports the observations that forest structure 
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parameters that combine height and gap fraction are closely related to biomass (Ni-

Meister et al., 2010). Hence, it implies that the ground-based FC % of Ntchisi Forest 

is to a significant extent, dependent on its AGB. Alternatively, this implies that the 

canopy cover in this woodland can be reliably used to explain the AGB pattern.  

4.2 Upscaling of Ground-based Measurements using Optical UAV 
Imagery 

This section forms an initial step in establishing whether the low-cost optical 3D CHM 

derived under SfM can be used to estimate AGB in rugged terrain Miombo Woodlands 

of Malawi. It calibrates and validates the airborne observations (height and canopy 

cover) using the gb measurements (reference data) while simultaneously scaling them 

up, thereby directly addressing objective 1.  

4.2.1 Correlation of gb individual tree height and airborne based-tree height. 

As explained in section 2.4.5 (Caveats in airborne observations and their mitigation), 

the airborne observations were affected by phenological and seasonality conditions 

(i.e., leaf-off and fire). This is in addition to the effect of abrupt wind speed change 

during airborne survey (Fig. 38), fire (Fig. 35 and 42) and steep slopes (Table 6). 

Despite the efforts to mitigate these which included smoothing filters in ArcMap 

software, the errors were still inherent in the CHM layers of some of the plots. These 

were discovered during the preliminary analysis. Hence, for some plots where the UAV 

predicted heights registered >50% null and underestimated values of ≤1.5m, an 

average (mean) value was used to normalise the datasets, following the Z-score 

method.  

Ecological studies on biomass have suggested the use of Z-score scaling in regional 

analyses, especially where fire frequency is high due to long-term human influence 

(Blarquez et al., 2015; Power et al., 2008; Vannière et al., 2016). Different studies also 

recommended that where variables do not give equal contribution to the analysis due 

to known factors, Z-score transformations reduce the influence of outliers while 

maximising small-scale variation in the dataset (Marlon et al., 2016; Sedgwick, 2014). 

Therefore, it was fitting for this incumbent study to apply this technique to some of the 

plots in Ntchisi (Malawi’s Miombo Woodlands) where seasonal fire is common and 

known to highly affect biomass measurements. 
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The Z-score process involved computing mean (average) height of the plot values 

using an a priori information (the 2019 gb height datasets that were also compared to 

the 2016 data for the same sites) (Kachamba et al., 2016; USAID PERFORM, 2017). 

The Z-score method employed the following formula;  

Z = (x-mean)/std.dev 

Where; 

 Z = Z-score, the standardised value, 

x = raw score, 

Mean = the average value of the sample, 

std.dev = the standard deviation of the sample. 

The next figure shows the range of the strength of the correlation of gb individual tree 

height and airborne-based (predicted) measurements in Ntchisi Forest. The 

performance trend demonsrated by the four plots represents the general trend for the 

entire 13 sample plots that ranged from R2 = 0.5 to R2 = 0.8. However, to maximise 

space, this has been displayed in four figures (instead of displaying all the 13).  
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Figure 37. Correlation of ground-based individual tree height and UAV-based tree height: (top-left) P10; 
R2 = 0.8, Bias = 5m, RMSE=15m; (top-right) P11; R2 = 0.5, Bias = 6m, RMSE=14m; (bottom-left) P8; 
R2 = 0.7, Bias = 5m, RMSE=10m; and (bottom-right) P12; R2 = 0.8, Bias = 5m, RMSE=10m. Positive 
correlation throughout with constant Bias and relatively higher RMSE values, indicative of systematic 
error associated with the accuracy of the optical drone imagery processed under SfM photogrammetry. 
Slightly low correlation in P11 signifying the effect of slope and wind speed upsurge. 

In Figure 37, the correlation of the gb individual tree height and the predicted airborne 

height show a positive correlation range of (R2 = 0.5 to 0.8). A sample mean value of 

the coefficient of determination (R2 = 0.70) for P10, P11, P12 and P8 was computed 

from their R2 values; 0.84, 0.78, 0.66 and 0.50, respectively. This was used to 

standardise the predicted values using the Z-score method only for the height values 

that were <1.5m (Blarquez et al., 2015; Power et al., 2008; Vannière et al., 2016).  The 

height threshold was set basing on the fact that the minimum individual tree height 

value from the 216 trees sampled during this study’s ground-based measurements is 

≥1.5m. Recent studies have shown that UAV measurements of tree height processed 
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under SfM generally tend to be lower than the actual gb values (Kameyama and 

Sugiura, 2020; Mohan et al., 2017).  

Briefly, the analysis of the ground-based height and the UAV-predicted height has 

rendered a positive correlation throughout, though the Bias and RMSE values were 

consistently observed, indicative of a systematic error associated with the accuracy of 

the optical drone imagery processed under SfM photogrammetry. Some studies have 

revealed that though individual tree detection using UAV data processed under SfM 

technology can yield an accuracy >85%, the algorithm is capable of missing and/or 

falsely detecting some trees, despite applying smoothing windows (Mohan et al., 

2017).  

Besides, the lower predicted height values, (the null/missing values inclusive), and the 

low height correlation observed in some plots of Ntchisi are not only attributed to the 

accuracy of the drone imagery processed under SfM photogrammetry (Mohan et al., 

2017; Zhou et al., 2013); but also, to the environmental factors such as fire. This is 

even more vivid in P11 where they signify the effect of slope and wind speed upsurge 

as explained earlier. 

Fig. 38 below displays correlational relationships observed between the ground-based 

AGB (tC/ha) and UAV-based AGB (tC/ha). The AGB calculations were estimated from 

the dominant trees (10 trees with the largest diameters per plot).  
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Figure 38. Correlation of ground-based AGB (tCha-1) and UAV-based AGB (tCha-1) estimated from plot 
dominant trees. Dominant ground-based canopy height and dominant UAV canopy height (R2 =0.81, 
RMSE = 12tCha-1, Bias = 8 tCha-1) for all 13 plots. Results show P11 and P3 yielded higher deviations 
of 24.2tCha-1 and 29.8 tCha-1 in the correlation, attributable to the effect of slope and wind speed 
upsurge. 

Figure 38 above displays a scatter plot of ground-based AGB (tC/ha) and UAV-based 

AGB (tCha-1) from all the 13 plots. It shows a strong correlation between the ground-

based AGB, and the UAV based AGB (R2 = 0.81, RMSE=12 tCha-1, Bias = 8tCha-1).  

The UAV-based estimated height values were derived from the canopy height model 

(CHM). The AGB datasets were computed using the Malawi local allometry for 

calculating Miombo AGB (Equation 2) thus; (AGB = 0.104 x dbh^1.921 x ht^0.845).  

However, P11 with an extreme slope of 32% (Table 6) registered 26.5tC/ha against 

2.3tCha-1 for ground-based and UAV based AGB, respectively, yielding a deviation of 

24.2tCha-1. P3 which was affected by wind speed upsurge (from 8.4m.s-1 thus to 

13.1m.s-1) during the airborne survey registered 45.1tCha-1 against 15.9tCha-1 for 

ground-based and UAV based AGB, respectively. This bore a deviation of 29.8tCha-1 

to the correlation. These trends suggest the effect of both the slope and wind speed 

upsurge on the accuracy of AGB estimation in these Miombo Woodlands. While a 

tropical woodland study only highlighted that terrain steeper slopes (>35%) affect 
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biomass predictions though with a small magnitude (Domingo et al., 2019); a different 

study noted that the accuracy of a DEM (constructed under SfM) in a forest is highly 

dependent on topographic slope (Fayad et al., 2021). Hence, the steepness of the 

slopes in P11 terrain affected the determination accuracy of the ground (Kadzuwa and 

Missanjo, 2022b).  

Further observations on dominant height revealed that an RMSE increase of 14% can 

be acquired over slopes >20%, in comparison to slopes between 10% and 20% (Fayad 

et al., 2021). These findings are in line with the recent Tundra region research 

outcomes which despite observing a positive correlation between canopy height 

measured using in-situ methods and the drone-photogrammetry based one, the later 

bore higher biases, comparatively (Cunliffe et al., 2020). 

Similarly, the 29.8 tCha-1 deviation registered by P3 (between the ground-based and 

the UAV-based AGB, in contrast, is attributable to the sharp rise of wind speed (south-

easterly wind) encountered during the flight mission. Precisely, UAV’s back and head 

wind speed abruptly peaked from an average of 8.4 m.s-1 and further beyond the 

average speed of 10.4 m.s-1 to 13.1 m.s-1, rendering considerable degree of mobility 

to the tree crowns that form the upper canopy height. This resulted to a shift in the xy 

positions, and the maximum and lower limits of the crown as detected by RGB camera 

sensor aboard the UAV. The repercussions were that the movement affected the 

feature combination of pixel values in the overlapping images which would have 

become tie-points during SfM photogrammetric process, a condition also observed by 

several studies (Chen et al., 2022; Uyttendaele et al., 2001; Westoby et al., 2012).  

Eventually, the shift error was inherent in CHM point-clouds and the extracted values. 

This contributed to higher deviations between the CHM and the ground/reference 

height values.  

In the same regard, recent forestry research involving SfM photogrammetry 

acknowledged that feature matching algorithms are challenged by the potential 

movement of branches by wind, an attribute that can induce uncertainty, consequently 

leading to incomplete reconstruction and/or noisy point-clouds (Iglhaut et al., 2019; 

Kadzuwa and Missanjo, 2022b). These findings support previous research highlights 

that wind speed and slope affect biomass estimations in tropical woodlands though 

the details on how this happens were not neatly divulged (Domingo et al., 2019). 
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In summary, the strong and positive correlation displayed by the ground reference 

AGB and the airborne based AGB establishes the feasibility of upscaling the ground 

based-AGB of Malawi’s Miombo Woodlands using the low-cost optical UAV 

observations obtained under SfM. Nevertheless, such an approach should consider 

the following environmental factors that can hugely compromise accuracy of the 

results; the topography and the weather changes (wind speed) during the flight 

missions. Besides, biomass estimations that use SfM photogrammetry acquired data 

should account for systematic errors associated with height measurements of the 

craft/vehicle used, thus for better accuracy. 

4.2.2 Correlation of ground-based and airborne-based estimates  

Plot-based AGB and their corresponding airborne-based crown diameter pixel values 

extracted from the CHM (hereafter renamed UAV canopy cover/fractional cover 

percentage) covering the 20m radius (0.1ha) plots were regressed. The figure next 

displays a relationship pattern established from the regression of the datsets.  

 

Figure 39. Correlation of UAV Fractional Cover percentage (FC %) and ground-based AGB (tC per ha) 
at R2 = 0.7, observed from13 sample plots of Ntchisi. P6 shows an exception trend of low ground-based 
AGB (25.1 tCha-1) against 0.5% of the airborne-based fractional cover due to fire that swept the plot 
after the ground biomass data collection, but prior to the airborne survey, thereby lowering correlational 
relationship. 
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Figure 39 shows a high correlation (R2 = 0.7) observed between the UAV FC % and 

the gb AGB (tCha-1). The general pattern demonstrates that the fractional cover of 

Ntchisi Forest can be used more reliably to express the AGB pattern of the Miombo 

Woodland. This is in comparison to the height parameter acquired from CHM of the 

(UAV datasets) whose correlation has not been consistent enough as it ranged from 

as low as R2 = 0.5 (Fig. 37).  

However, P6 has shown a unique trend by registering a ground-based AGB stock of 

25.1tCha-1 against the airborne based 0.5% fractional cover. The variation is attributed 

to the fire damage that occurred within the lapse period since the ground-based 

measurements took place (18th September 2019) and the airborne survey (6th October 

2019) in the same plot. While fire was physically encountered during both surveys (Fig. 

42), studies agree that fire is an environmental factor that reduces both AGB and 

canopy cover in Miombo Woodlands (Chidumayo and Gumbo, 2010; Nieman et al., 

2021; Ribeiro et al., 2012). 

In addition to P6, the correlation pattern displayed above (Fig. 39), depicts 

corresponding and consistent (though low) pattern of values between the UAV–based 

fractional cover and gb-AGB in Chenche (P5) whereby AGB of 59.5tCha-1 is plotted 

against 31% FC, respectively. This is also ascribable to fire effect in the dry season.  

Inversely, the pattern displayed by (P8), whereby high AGB of 68.8tCha-1 is plotted 

against 87.2% FC renders a good example of the impact of better conservation 

compounded by less exposure to anthropogenic activities such as fire and wood 

extraction (Munthali, 2013; Munthali and Murayama, 2015). For P8, this is ascribable 

to less accessibility because of its extremely dangerous terrain (74% slope), in addition 

to its long distance (less proximity) from villages (~1.8km from the forest boundary, 

Table 6 and Fig. 43), compared to other plots that are <1km from the plot edge or 

surrounding villages.  

On the whole, the positive and consistent correlation displayed by the UAV fractional 

cover percentage and the gb AGB above forms the key basis for upscaling the gb-

measurement while simultaneously establishing the relationship of the two datasets, 

thus in reference to the specific objectives 1 and 3 of this study.  
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In summary, the findings suggest that fractional cover (which is derived from crown 

diameter measurements) is more reliably correlated to the AGB than the height 

estimates from the CHM, given the current conditions of Ntchisi Forest. However, the 

proximity of a plot to the surrounding villages, and topography affect the plot’s access 

and eventually the AGB stock. 

The next figure displays correlational relationship between the ground-based fractional 

cover percentage and Ground-based AGB (tC per ha). 

 

 

Figure 40. Correlation of UAV-based and ground-based Fractional Cover Percentage (FC %) (R2 = 0.4) 
revealing factors affecting fractional cover and woody biomass estimation such as edge-effect, 
overlapping of tree crowns and clumping of individual trees, fire, leaf-phenology, and topography. 

Figure 40 above displays a weak correlation (R2 = 0.4) observed between the ground-

based factional cover percent (gb-FC %) and the UAV-based FC %. Deviations of the 

values expressed by the UAV-based FC % when regressed against the 

reference/ground measurements (Fig. 40) are partly attributed to the following factors: 

(i) edge-effect, (ii) overlapping of tree crowns, (iii) clumping of individual trees and (iv) 

fire, primarily on part of the ground datasets; and (v) the effect of leaf-phenology (leaf-

off and fire, Fig. 42) and (vi) topography and optical sensor data challenges of 
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underestimations (Cutler et al., 2012; Naidoo et al., 2016), on the part of the UAV 

based datasets. 

While the ground-based FC % values fall within the expected range, as informed by 

the 2016 Ntchisi Forest inventory (USAID PERFORM, 2017); the current analysis 

demonstrates that P1, P5, and P6, contributed much to the poor correlation of the 

airborne and ground-based FC %. This is due to the edge-effect, crown overlaps, 

clumping of trees and topography attributes observed in these plots. Recent studies 

revealed that tree crown border effects constitute an important source of uncertainty 

in estimation of forest biomass by remote sensing due to their nature of not being 

constrained by plot borders (Knapp et al., 2021; Racine et al., 2021). While remote 

sensing systems record canopy height within a certain area, ground-based 

measurement commonly record AGB of inventory trees geolocated at their stem 

positions, thereby confining them to a given plot (Knapp et al., 2021; Racine et al., 

2021). However, the nature of the tree crowns is that they mostly reach out of the given 

plots into other area/adjacent plots (Fig. 41-left), thereby rendering uncertainty to 

canopy height-based biomass estimation.  

From the same pattern displayed in  Fig. 40 above, despite the low airborne-based FC 

% registered by P6 and P5, their crown diameter, crown area, dbh and height per plot, 

respectively, are above average (Fig. 26 and Table 16), thus suggesting how well 

correlated to their FC % they ought to be, ceteris paribus (Gonzalez-Benecke et al., 

2014; Shimano, 1997). In this regard, the underestimations by the UAV-based data 

are attributable to the effect of crown overlap and overhanging of individual trees, in 

addition to the systematic error perceived in section 4.2. These elements were 

observed during the terrestrial measurements (Fig.17 and 41).  

A closer examination on the ground datasets also confirms clumping and overlapping 

of individual trees and their crowns, i.e., tree (ID) number 6 and 7 in P10 growing 

closely together (i.e., UTM 0824116, 36L 0608109 and UTM 0824115, 36L 0608108). 

The same scenario was true for P6 where tree ID number 2 and 3 overlapped (UTM 

08528 308, 36L 0610894 and UTM 08528 309, 36L 0610893) respectively, just to 

mention, but a few. More suggesting is Chenche (P5) where besides clumping and 

overlapping of the crowns, a total of 9 trees shares the same xy coordinates. For 

example, tree ID number 1, 2 and 3 are spatially located on UTM 08529 358, 36L 
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0616730, while tree ID number 8 and 9 share the coordinates UTM 08529 362, 36L 

0616732; and 12 and 13 are on UTM 08529 358, 36L 0616725, respectively. However, 

these are just a few examples observed from the sampled data.  

Despite these two attributes, previous studies observed that SfM photogrammetric 

imagery acquired from UAV particularly, tree height, tend to be lower than the actual 

ground values (Kameyama and Sugiura, 2020). Another study on fractional cover 

observed that heterogeneity of Savannahs complicates modelling as areas of 

remarkably high or low coverage get lost by aggregation to coarser scales 

(Guerschman et al., 2009; Kadzuwa and Missanjo, 2023). Hence, the low values 

recorded are attributed to the same aspects.  

In brief, these patterns show that estimation of fractional cover of the woodlands is 

dependent on several environmental factors that include; edge-effect, overlapping of 

tree crowns and clumping of individual trees and fire. Hence, canopy cover density 

studies should account for these elements for enhanced accuracy of results. 

 

Figure 41. Crown edge effect, overlapping and clumping trees in Mandwe (P6) (Left, background) 
increase uncertainty in AGB and crown estimations. (Right)-Trees on the plot border have their crowns 
projecting in the adjacent crop fields affecting AGB and canopy accuracy during remote sensing 
validation.  

The closed gaps of canopy formed by the overlapping and overhanging crowns trees 

partly contributed to the optical sensor’s (aboard the UAV) poor detection of these 

forest covered areas due to the failure of the signal to penetrate the crown surface 

through to the ground. A study on forest inventory data and simulations of a tropical 

rainforest’s canopy observed that crown overlap and overhanging of individual trees 

contribute to uncertainty in canopy height–based biomass estimation (Knapp et al., 

2021).  
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Studies have observed that closed canopy structure of a forest plot contributes to the 

failure of the SfM technique to generate enough below-canopy ground points, leading 

to errors and eventually poor correlation between SfM tree heights and ground 

measurements (McNicol et al., 2021; Mlambo et al., 2017; Sakai et al., 2021).  

Research has further shown that irrespective of the processing method, data acquired 

from optical sensors possess fundamental limitations for mapping woody 

environments because, unlike SAR systems, the signal reflectance does not directly 

correlate to surface structure (Cutler et al., 2012; Naidoo et al., 2016). Hence, the 

canopy/height underestimates characterise the effect of the failure of the optical 

sensor to penetrate through closed tree canopies thereby acquiring information from 

the top canopy surface only, while the lower strata or the ground detection is provided 

in rare canopy gaps (McNicol et al., 2021; Sakai et al., 2021).  

On the other hand, for P11 and P12, it is the effect of terrain that contributed to the 

canopy underestimates since both plots are extremely located on steep slopes (32% 

and 48%, respectively, Table 6). The topography rendered difficulties in taking 

accurate height and crown diameter readings in perpendicular to the ground during 

the terrestrial measurements, resulting to underestimations. Related studies on the 

effect of topography and other environmental factors affecting Malawi’s Miombo 

Woodlands estimations, i.e., canopy height and AGB revealed that topographic slopes 

of >15% can contribute to total 17 to 105% AGB variation errors (Domingo et al., 2019; 

Kadzuwa and Missanjo, 2022b). 

The figure below displays some key factors that contributed to the variation of AGB, 

and canopy estimates captured in Ntchisi Forest during the September-October 2019 

ground based and UAV surveys. 
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Figure 42. Dry season fire, leaf-fall and its effect on biomass in Ntchisi Forest-October 2019; Airborne 
ortho-photos depicting parts forest damaged by fire and footpaths caused during wood biomass 
extraction (bottom-left). Live trees scorched by fire during leaf-off season and a burnt deadwood/tree 
lying on ground (bottom-right) captured during ground survey. 

On the other hand, the effect of the slope and the challenges on lack of penetration of 

the canopy by the signal of the RGB UAV sensor rendered the need for the integration 

of data acquired from other bands such as Vis/NIR/SWIR composite combination and 

more significantly from active sensors such as the SAR that are less challenged by 

such environmental limitations.  

The marginal correlation of the ground-based and airborne FC % displayed by some 

plots, has already been explained by; the edge effect, crown overlaps and overhanging 

trees, steep slopes and fire, as stated earlier on. Such a correlation portrays the 

limitations of the ground-based measurements and simultaneously supports the basis 

of objectives 1 and 2, thus the need to upscale the ground-based measurements to 

the remotely sensed datasets using the SfM photogrammetric data acquired from 

optical small-UAV as a link.  
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In conclusion, the positive correlation between the airborne-based FC % and the 

ground-based AGB (R2 = 0.7) support the premise that the optical SfM 

photogrammetric imagery (fractional cover %) can be used effectively used to inform 

the AGB and in Malawi’s Miombo Woodlands. As far as this study is concerned, no 

previous efforts on forest biomass studies in the Malawi’s Miombo Woodlands had 

explicitly established the correlational relationship between the crown area (canopy 

cover/canopy fractional cover percentage) and the AGB and C patterns using a 

statistical regression predictive factor (Government of Malawi, 2019a; Tetra Tec and 

Winrock International, 2022, 2021). 

4.3 Validation and Estimation SAR AGB Datasets 

This section analyses the AGB, and fractional canopy cover correlational relationships 

observed between the ground-based measurements, the UAV datasets and the 

satellite Earth Observations acquired over Ntchisi Forest. It also further provides an 

account of their causes and effects. Structurally, the aerial observations (acquired 

through low-cost SfM photogrammetric process) i.e., canopy height and crown cover 

were used as a bridge to scale-up the gb AGB and FC measurements (objectives 2, 

3 and 4) as follows; 

(i) initially from 0.1ha terrestrial plots to 50ha UAV plots, and  

(ii) from 50 ha airborne observations to wall-to-wall coverage of the unrestricted 

source global observations from; (a) ALOS-2 PALSAR-2-L-band, (b) ESA-

CCI BIOMASS Map, and (c) Sentinel-1-C-band. 

4.3.1 Calibration of ALOS-2 PALSAR-2 2019 data 

ALOS-PALSAR-2 imagery mosaics are acquired as integers (whole numbers) for 

efficient data storage, nevertheless, for the sake of interpretation and comparisons in 

this study, they were pre-processes/calibrated using QGIS (3.10.10) software. The 

initial step involved transforming the integer datasets into decibels, which are the 

standard units of radar backscatter measurements. This was carried out using the 

following equation, supplied together with the datasets from the JAXA website (as 

explained in section 3.4.1); 

 γ0(decibels)=10log10(DN2)−83.0dB (Shimada et al., 2009), 
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Where: 

        γ0 =backscattering coefficient (sigma naught or sigma zero) in unit decibels (dB),  

        DN=Digital number (or raw pixel value), 

         -83=Calibration factor in dB units.  

The unit result obtained in the imagery datasets are decibels (dB) which is a 

logarithmic measure of the radar backscatter and for this study the values ranged from 

-43 to 8.7dB.  

The second step involved calibration of the decibels into the natural units to portray a 

linear relationship. This process employed the following allometry for HV polarisation; 

γ0(natural)=10(γ0(decibels)/10)  

The third step involved converting the natural values to units of AGB in tCha-1. This 

process entailed the application of a generic equation derived from Miombo 

Woodlands (tested in Southern Africa, Malawi inclusive) by (McNicol et al., 2018) as 

follows; 

AGB=715.667∗γ0(natural)−5.967 

Where AGB=Above Ground Biomass  

Computation of this process generated an AGB map layer whose visualisation colour 

ramp were changed to ‘red-yellow-green and pseudocolour’ where; red and green 

colours denote low and high biomass, respectively, thus for easy visibility and 

interpretation.  

Initially, the AGB propagated included speckle and with values ranging from -5 to 

463tCha-1. Speckle refers to some random constructive and destructive interference 

from the multiple scattering returns that occur within each resolution cell and render 

false readings (Woodhouse, 2006). This challenge was resolved by applying a 5 x 5 

filter size under the lee technique (low pass) in Sentinel Application Platform (SNAP) 

7.0 software. The Lee technique was preferred due to its efficiency in preserving and 
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smoothening the edges of an image while preserving its details, i.e., pixel values in 

heterogeneous areas (Sameen et al., 2016).  

The next figure shows a 2019 Ntchisi AGB map generated from ALOS-PALSAR-2 

datasets in tCha-1units. 
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Figure 43. Ntchisi Forest AGB (0-81tCha-1) Map generated from ALOS-PALSAR-2 2019 imagery.13 
sampling plot units of 50ha each (size of UAV plots, represented in black square boxes) overlaid on the 
0.1ha ground plots, represented in magenta circular boxes.  

Figure 43 above shows AGB (tCha-1) map of Ntchisi Forest generated from the 2019 

ALOS-PALSAR-2019 imagery with a focus on the 13 sampling plot units. The imagery 
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overlaid both the 50ha UAV plots as well as the 0.1ha ground plots. The AGB pixel 

values covering 0.1ha followed by 50ha plots were extracted and from each of the 13 

plots by in ArcMap 10.8. These were regressed against their corresponding gb AGB 

measurements (Tables 15 and 16 and Fig.44). Full analysis details have been 

captured in the subsequent sections. 

4.3.2 Correlation of ground-based AGB and ALOS PALSAR-2 AGB 

The scatter plot below displays a relationship between gb AGB and ALOS PALSAR-2 

AGB in tCha-1 analysed from the 0.1ha plot dimension of Ntchisi Forest. 

 

Figure 44. Correlation of ground-based AGB and ALOS PALSAR-2 AGB in tCha-1 (R2 = 0.9, RMSE = 
7tCha-1, Bias = 3tCha-1); a very strong relationship signifying the suitability of the PALSAR-2 datasets 
in estimating AGB and C in Miombo Woodlands of Malawi. 

The above figure shows a very strong relationship (R2 = 0.9, RMSE = 7tCha-1, Bias = 

3tCha-1) for ground-based AGB and ALOS-PALSAR-2 AGB attained through Linear 

Regression (LR). The correlation implies that the distribution of the ground-based AGB 

is highly correlated to the PALSAR-2 AGB in these Miombo Woodlands. 
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In comparison to the other plots, the analysis further shows a higher bias contribution 

in P8 (68.8tCha-1 for ground-based AGB against 63.0tCha-1 from PALSAR-2 AGB) 

and P11 (36.2tCha-1 for ground-based AGB against 54.2tCha-1 from PALSAR-2 AGB) 

whose ground slopes are very steep, thus, 74% and 32%, respectively (Table 6). 

Therefore, the biases are attributed to the effect of overshadowing and lay-over 

distortions associated with SAR datasets, especially in the mountainous slopes (Chen 

and Wang, 2008; Woodhouse, 2006). 

The lay-over effect is caused by the look angle of a SAR sensor, especially in 

mountainous area and results to shortening distance of the imagery for the target 

features observed (Woodhouse, 2006). Practically, P8 (Fig. 55) has exhibited a pattern 

of trees’ crown growing along the north-south riverine that might have not been 

conspicuous enough in the PALSAR- backscatter thereby contributing to the lay-over 

condition.  

Furthermore, these observations agree with the findings of a previous study conducted 

in Malawi’s Miombo Woodlands which used ALOS PALSAR-1 backscatter 

measurements and revealed that their sensitivity was highly attenuated by the 

topography of the forest site, besides other environmental factors (Cassells, 2012). 

Overall, the correlation between the gb AGB and the ALOS-PALSAR AGB implies that 

the terrestrial AGB inventory measurements in this site can be effectively estimated 

using the free/unrestricted, but moderate spatial resolution ALOS-PALSAR-

backscatter imagery. In this particular case, the use of the low-cost imagery mitigates 

the inventory costs while at the same time expanding the scope of measurements from 

the 0.1ha to national wide (wall-to-wall) expanse in these Miombo Woodlands.  

The next figure shows the relationship between the UAV-based fractional cover and 

the ALOS-PALSAR–based AGB.  
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Figure 45. Correlation of UAV Fractional Cover Percentage and ALOS-PALSAR-2 AGB (tCha-1) 

covering the 13 ground sampling units (0.1ha) computed as a total sum of each plot, yielded a positive 

correlation (R2 = 0.6); characterising the suitability of the optical UAV imagery in linking the ground data 

with the PALSAR datasets while underscoring the challenge of optical sensors associated with the SfM 

photogrammetry datasets in underestimating biomass of Miombo. 

Figure 45 shows a positive correlation (R2 = 0.6) of the optical airborne FC% and the 

ALOS-PALSAR-2 AGB. Among others, the scatterplot displays low 30% FC plotted 

against 12.1tCha-1 AGB for P12. Inference from the gb parametric trends of the same 

plot reveals a pattern characterised by; a wide range of dbh classes within the 10 

dominant trees ranging from 7.7-32.7cm, and a relatively high stand density (15 stems 

plot-1), though bearing one of the 3 least ground-based AGB (29.4tCha-1). Similarly, 

the P6 values extracted from an intercept of airborne 0.5 % FC and 23.5tCha-1 AGB 

from ALOS-2 PALSAR-2 observed were the least of all. In the same pattern, the plot 

also registered low ground-based AGB (25.1tCha-1) and a corresponding low stem 

density (10 stems plot-1).   

In Fig 45 above, the variation (underestimation) displayed by P1 (68.5% FC from the 

UAV imagery versus 49.3tCha-1 AGB from the ALOS PALSAR imagery) is primarily 

attributable to the effect leaf-off and fire conditions which were observed during both 
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the ground and airborne surveys in September and October 2019 (Fig. 5). While ~ 

70% of the trees had leafed-off, fire erased ~30% of the sample plots immediately after 

the ground-based measurements, but prior to the airborne surveys of the same study 

site (Fig. 42). This caused significant AGB estimation variations in the two datasets, 

i.e., very low values in the airborne observations compared to the ALOS-PALSAR 

datasets and eventually affected the correlational relationships.  

The predicament was also exacerbated by the semi-arid conditions of the study site, 

which were at peak during the UAV imagery acquisition. Key tropical biomass studies 

in the African Savannahs reveal that fire is an environmental factor that reduces both 

AGB and canopy cover in Miombo Woodlands (Chidumayo and Gumbo, 2010; 

Nieman et al., 2021; Ribeiro et al., 2012). Furthermore, a previous study that focused 

on the study site noted that Ntchisi Forest, like many Miombo Woodlands is associated 

with dry season fires that potentially damage the woody biomass (Chinangwa et al., 

2016) 

From the point of optical remote sensing view (affecting the UAV FC, in this case), 

the previously mentioned rara-avis were sufficient to induce low signal detection of 

tree AGB (Fig. 40 and 41). Recent comprehensive study on remote sensing of 

phenology among plant communities revealed that foliar senescence and dry 

conditions exacerbated during fire occurrences lead to low biomass detection by 

optical sensors (Vrieling et al., 2018; Zhu et al., 2021). Studies observed further that 

optical imagery collected during dry season lack phenological information useful for 

discriminating deciduous formations because their spectral reflectance is sensitive to 

vegetation structure (leaf area index, crown size and tree density), texture and 

shadows which may be affected by the arid conditions (Nunes et al., 2022; Zhang and 

Ni-meister, 2014).  

Unlike the EO acquired from active sensors, i.e., SAR backscatter measurements 

whose signal detection is based on direct correlation to surface structure, the optical 

datasets render fundamental limitations for mapping woody environments because 

they lack this aspect (Cutler et al., 2012; Naidoo et al., 2016).  

Inversely, it is not a surprise to observe the ground-based AGB measurements and 

the ALOS-PALSAR-based (measurements from active sensor), i.e., in P1 (25.1tCha-
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1) from the gb-measurements and 23.5tCha-1 from the ALOS-PALSAR imagery 

rendered a higher correlation in contrast to the ones from the optical datasets (UAV 

imagery) (Table 15 and Fig. 44 and 45). This because despite the leaf-off condition 

and fire-season (hazy and clouds conditions, inclusive); the SAR dual-cross polarised 

(HH+HV) PALSAR-L-band datasets employed operated well, regardless of the 

weather conditions and they are more correlated to the stems and trunks than just the 

leaf biomass, due to their longer wavelength (~23cm) penetration (Cassells et al., 

2009; Cutler et al., 2012; McNicol et al., 2018; Naidoo et al., 2016). 

These correlated values of earth observations (FC % and AGB) acquired from both 

optical and active sensors discernibly corroborate with the earlier assertions 

established by this very same study (from ground measurements, though) that the 

AGB of Ntchisi Forest is not merely expressed by stem density, but its canopy cover. 

More than anything else, the consistent trend of (low values) attained particularly by 

these two plots thus P12 and P1 pertaining to the optical airborne and radar 

backscatter measurements suggest the high predictive power that the two selected 

datasets rendered in estimating AGB of the Miombo Woodlands.  

 Briefly, these findings support the premise that the low-cost UAV orthomosaics 

acquired through SfM (the FC% in this case) can be effectively used as the bridge to 

scale-up the terrestrial in-situ measurements (that are deemed expensive yet, cover 

limited area) to the EO from ALOS–PALSAR from unrestricted source, but have got 

better resolution in estimating AGB. However, critical considerations should be made 

on the accuracy challenges that the optical imagery are associated with during AGB 

estimations as encountered in this study.  

4.3.3 Determination of ESA CCI Biomass Map AGB for Ntchisi Forest 

Another set of analysis involved AGB pixel values covering both the 0.1ha ground 

plots and the 50ha UAV plots were extracted from the ESA CCI Biomass Map 2018 

datasets acquired over Ntchisi. These were processed in ArcMap 10.8 software. The 

ESA-CCI datasets comprised the SAR backscatter measurements from ALOS-

PALSAR and Sentinel-1 inter alia. From these datasets, an AGB map was generated 

as displayed in the next figure.  
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Figure 46. Map of Ntchisi Forest ESA-CCI AGB 2018 (0-128tCha-1) estimated from the 13 plots 
overlaying both the 0.1ha ground plots and the 50ha airborne plots. The red plus sign represents the 
ground plot centres. While the scale of the AGB ranged from 0-128 (tCha-1) throughout the forest. The 
specific 13 plots estimates analysed ranged from 16-50.8tCha-1. They fairly compare with the 25.1-
68.8tCha-1 estimated from ground-based datasets. S10E30_ESACCI-BIOMASS-L4-
Ntz_AGB_extract.tif represents the imagery layer of ESA-CCI Map AGB dataset covering Ntchisi in 
GeoTiff.  

The 2018 ESA–CCI AGB plot estimations ranged from 16-50.8tCha-1. They fairly 

compare against the ground-based AGB which range from 25.1 - 68.8tCha-1 (Table 
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15), suggesting their suitability when used for assessing AGB in the Miombo 

Woodlands.  

The next diagram (Fig. 47) depicts correlational patterns between the ground-based 

AGB and ESA-CCI above ground biomass, both in tCha-1 units.  

 

Figure 47. Correlation of ground-based AGB in 3tCha-1 and ESA-CCI AGB in tCha-1 R2 = 0.8, RMSE = 
8tCha-1, and Bias = 1tCha-1, an extraordinarily strong relationship signifying the suitability of the ESA-
CCI BIOMASS Map imagery dataset in estimating AGB and C in Malawi’s Miombo Woodlands. A clear 
saturation pattern observed as the AGB reaches ~50tCha-1 on the part of the ESA CCI AGB.  

In the above figure, another strong correlation (R2 = 0.8, RMSE = 8tCha-1, and Bias 

=1tCha-1), has been observed between the ground-based AGB and ESA CCI above 

ground biomass. Two plots bear similar AGB stocks (25.1tCha-1 and 25.2 tCha-1 for 

the ground based P2 and P10) and 36tCha-1 each for both P11 and P7 ESA-CCI 

datasets, as a result these points have coincided as one point in the scatter plot above. 

However, the ESA CCI AGB pattern shows a vivid saturation condition as the AGB 

reaches ~50tCha-1. Studies in Savannah woodlands, some of which were conducted 

in the Miombo observed that (L-band radar) is sensitive to woody carbon stocks up to 

a saturation range of 40-180tCha−1, a range which varies across vegetation classes 

and moisture, phenological and seasonal conditions (McNicol et al., 2018; Mitchard et 

al., 2009; Wingate et al., 2018).  
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Notwithstanding the saturation challenge, the strong correlation displayed by the ESA-

CCI AGB is significantly closer to the one displayed by the gb and ALOS-PALSAR 

AGB datasets (R2 = 0.9) (Fig. 44, Table 17). This further demonstrates that the 

distribution of the gb AGB in Malawi’s Miombo Woodlands is highly correlated to the 

both the ESA-CCI-Biomass Map and the ALOS-PALSAR imagery datasets. This 

renders the suitability of using these two datasets in the woodlands. Nevertheless, the 

8tCha-1 RMSE and the saturation trend at relatively higher biomass (i.e., ≥40tCha-1) 

demonstrates the limitations of the ESA-CCI Biomass Map datasets. Assessment on 

these 2018 ESA CCI Biomass Map datasets show that they yield a relative error of 

<20% where AGB exceeds 50tCha-1 and an error of 10tCha-1 where the AGB is 

<50tCha-1 (Santoro et al., 2021). 

Inversely, the strong relationship (R2=0.9) by the same datasets further shows the risk 

of basing predictive power on the coefficient of determination values only, hence it is 

always ideal to infer both the R2 and the RMSE for better accuracy of results.  

Overall, the values of the R2, RMSE and Bias accrued provide sufficient evidence to 

conclude that the gb AGB measurements from these woodlands can be effectively up 

scaled with the open-access, but medium resolution backscatter measurements of 

ALOS-PALSAR and/or ESA-CCI-Biomass Map. However, the effect of fire and the 

saturation challenges, particularly exhibited by the EAS-CCI Biomass Map datasets 

should be accounted for to enhance accuracy.  

4.3.4 Correlation of ground-based AGB and Sentinel 1-C-band radar backscatter  

This study also analysed the correlation between the Sentinel-1(S1)-C-band radar 

backscatter measurements (in decibel units) and the ground based AGB (tCha-1). The 

S1-C band measurements were not converted to AGB because there is no allometry 

that has been generated and specifically tested for Malawi’s Miombo Woodlands using 

these datasets to date, at least from the author’s knowledge.  

The next figure shows a correlation of gb AGB (in tCha-1) and S1-C-radar backscatter 

(dB). 
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performance of radar backscatter measurements have demonstrated that P- and L-

bands provide stronger backscatter from branches and trunks with respect to X- and 

C-bands, respectively, which collect most of the energy from leaves and needles 

(Beaudoin et al., 1994; Brolly and Woodhouse, 2013; Cutler et al., 2012; Laurin et al., 

2018; Le Toan et al., 2004). The studies have further ascertained that C- or X-bands 

wavelength are more sensitive to surface moisture (Mahdavi, 2017). Hence, the dry 

conditions of the leaf-off season in the Miombo Woodlands contributed to the 

weakening of the correlation. 

Analysis of the Residual Error analysis based on the correlational pattern shows that 

P5 values (59.5tCha-1 and -0.45tCha-1 for the ground-based AGB and S1-C decibels, 

respectively) contributed significantly to the weakening of the relationship. Inference 

on gb measurements reveals that P5 comprises of uneven/diverse tree height and 

crown ranges that have given rise to interspaces of bare land, tree cover and rock 

outcrops (Table 14 and Fig. 53). Such spatial arrangement affects the surface 

roughness and dielectric constant properties (surface moisture) by providing 

heterogeneous roughness with low surface reflectance (Woodhouse and Hoekman, 

2000).  

In the same regard, forest studies on retrieval of vegetation and bare surfaces 

parameters from microwave backscatter in different climatic regions have observed 

that bare land spaces (soil) among the tree cover (vegetation) lead to low backscatter 

values (Brolly and Woodhouse, 2012; Grippa and Woodhouse, 2003; Woodhouse and 

Hoekman, 2000). Therefore, in P5, the biomass energy density (backscatter) directed 

to the sensor was relatively low, thereby yielding low AGB estimates. 

To crown it all, the correlation displayed in Fig. 48 cements the premise assumed from 

a series of analyses conducted earlier by this study that the terrestrial AGB distribution 

of Ntchisi is highly correlated to the SAR datasets and the recent analysis includes the 

Sentinel1-C-band datasets as well. 

However, while, the gb AGB measurements have demonstrated the potential to be 

effectively up-scaled with the unrestricted S1-C backscatter measurements, the weak 

penetration limitations of the C-band signal were apparent in the broadleaved Miombo. 

In addition, the effect of fire compounded by the dry conditions in affecting the surface 
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roughness and surface moisture of the backscatter signal were vivid as well. Hence, 

these aforementioned factors should be considered when using S1-C imagery in the 

Miombo Woodlands.  

Since there is no specific allometry locally tested to estimate AGB of Malawi’s Miombo 

Woodland, to date, as it is the case with ALOS PALSAR (McNicol et al., 2018), at least 

to the knowledge of the author; this study encourages further research on its 

development to enhance accuracy of the estimates, especially for the REDD+ 

purposes. 

Table 17 below display a summary of correlational relationship statistics observed 

between AGB and fractional cover estimates for the ground-based, optical UAV based 

and SAR datasets of Ntchisi Forest discussed in the preceding sections.  

Table 17. Summary Statistics for Bias, RMSE and R-Squared Observed on AGB Estimates 

 

Key: GB = ground-based, R2 = R-squared (Pearson’s coefficient of determination), RMSE = Root Mean Square Error, AGB = 

Aboveground Biomass, FC% = Fractional Cover Percentage, tCha-1 = tonnes of carbon per hectare. 

NB: RMSE and Bias for variables 4 and 5 in Table 17 above have not been included 

since their units under comparison (regressed) are different and they would not give 

any meaningful interpretation in these two different parametric relationships under test. 

4.3.5 Correlation of resampled UAV and SAR imagery AGB at 25m resolution 

The different imagery spatial resolution of; (i) UAV, (ii) ALOS-PALSAR, (iii) S1, and 

(iv) S2 datasets were downscaled to render a geometric unification. The imagery were 

coarsened to; 25m, 50m and 100m pixel spatial resolution, thus prior to evaluating 

their performance on AGB biomass and canopy cover accuracy. The first and the last 

are the original scales of ALOS-PALSAR and ESA-CCI Biomass Map datasets, 

 Parametric Variable 

No. Explanatory Variable Independent Variable R2 RMSE 

(tCha-1) 

Bias  

(tCha-1) 

1 Gb AGB  Gb FC % 0.7 11 -4 

2 Gb AGB PALSAR-2 AGB 0.9 7 3 

3 Gb AGB ESA-CCI Map AGB 0.8 8 1 

4 Gb AGB  Optical UAV FC% 0.7 - - 

5 Gb AGB S1-C band (dB) 0.7 - - 
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respectively (Liao et al., 2020; Santoro et al., 2021). The 50m (0.25ha or ~0.3ha) is 

the unit size for ground sample-plot otherwise known as the 3-T cluster used during 

the REDD+ forest inventories in Malawi (Government of Malawi, 2019a; Mueller, 

2012). 

Studies have observed that coarsening an imagery dataset is relied for better 

accuracy, thus in addition to utilising the detailed information obtained by its fine 

resolution bands (Atkinson, 2013; Zheng et al., 2017). Furthermore, downscaling of 

EO is essential for not only comparing and integrating disparate datasets, but more 

importantly for calibration and validation of models in a range of applications (Atkinson, 

2013).  

 

Figure 49. Correlation of UAV-based and ALOS-PALSAR AGB (tCha-1) at 50ha plot scale. UAV imagery 
coarsened from 0.7m to 25m pixel resolution to enhance accuracy of the AGB estimates. Positive 
correlation (R2=0.54), depicting the reliability of the UAV datasets in upscaling the measurements. 
However, the accuracy range of the estimates was affected by the leaf-off condition that was 
exacerbated by the dry season fire during in this Miombo Woodland.    

The resampled imagery analysis was conducted on pixel-by-pixel basis. This 

employed an equation determined from the correlation between fractional cover 

percentage (FC %) and ground-based AGB (tCha-1), thus y=0.5x+21.8 (Figure 39). 
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 In Figure 49, the UAV-based AGB and ALOS-PALSAR AGB (tCha-1) resampled at 

25m pixel spatial resolution yielded a positive correlation (R2 = 0.54). In the analysis, 

P11 and P7 were excluded due to poor construction of some parts of their DSM, DTM 

mesh. This was due to the abrupt change of wind speed encountered during the plot’s 

flight missions, as previously explained (Chapter 3.3.5.5). Despite the positive 

correlation, the range of the accuracy of the estimates displayed in the scatter plot was 

still affected by the leaf-off condition that was exacerbated by fire during the dry 

season. 

The downscaling process has though exposed another significant trend (displayed by 

closeness of the scatter points and the trend line) suggesting that; as the ground-

based AGB (0.1ha measurements) are scaled to 50ha plot (by the UAV), the mean 

stock ha-1 decreases slightly. This depicts the AGB stock plot-based variations, thus 

under the given leaf-off and fire conditions. For instance, the range of the entire 

ground-based AGB fell between 29.4 to 68.8tCha-1, yielding a variation of 39.4tCha-1. 

On the other hand, the ALOS–PALSAR AGB stock ranged between 16.1tCha-1 and 

40.2tCha-1, recording a comparatively low variation of 24.1tCha-1. This typifies the 

limitations of the field measurements whose small-sized (0.1ha) plots fail to adequately 

account for the spatial variability of their surrounding areas by either overestimating or 

underestimating (Réjou-Méchain et al., 2014). These findings further expose the 

disadvantage of estimating AGB during the period when the tree leaves have been 

shed off, thus during the dry season. 

4.3.6 Correlation of resampled UAV and SAR imagery (50m/100m resolution) 

Coarser spatial resolutions are preferred for their ability to reduce noise and variability 

in the data, thereby facilitating detection of large-scale patterns which ultimately render 

better accuracy and precision, compared to individual full spatial resolution pixels 

(Atkinson, 2013; Zheng et al., 2017). Nevertheless, the UAV and ALOS-PALSAR 

rescaled imagery at 50m and 100m spatial pixel resolution yielded poor correlations 

in this study. This is attributed to the effect of the leaf-off and dry season conditions 

most of which yielded underestimates. Partly, this emphasises preference of the leaf-

on season datasets (especially for imagery by acquired by optical sensors) over the 

leaf-off season imagery, thus for enhanced estimations’ accuracy.  
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In addition, the ALOS-PALSAR findings have also demonstrated that higher biomass 

areas/plots e.g., ≥50tCha-1 display better correlation than those with lower/without 

biomass. As explained earlier on, this is attributed to the premise that higher biomass 

stocks have a better correlation with SAR L-band (Meyer et al., 2018; Santoro et al., 

2021, 2013), since both the ALOS-PALSAR and ESA-CCI-Biomass Map imagery 

comprise datasets acquired from the L-band sensor, known to be better at penetrating 

broader/thicker surfaces (Santoro et al., 2021).  

In Miombo Woodlands, optical imagery acquired during the post-rainy season tend to 

derive the same spectral reflectance between the closed and open woodland classes 

as well as the grassland classes, thereby compromising the accuracy of land cover 

results (Kamusoko et al., 2014). The increase in greenness during the rainy season is 

associated with the peak of the woodland’s phenological cycle (ibid). 

Therefore, this study urges that caution should be taken against collecting AGB 

datasets during the leaf-off season (peak of dry season) only, especially when using 

the optical imagery in these deciduous Miombo Woodlands of Malawi. It precisely, 

encourages researchers using optical datasets to undertake AGB and C assessments, 

preferably 2-3 weeks after the rainy season has stopped. This widow renders an 

opportunity to capture trees while they are in leaf (with sufficient canopy cover) critical 

for the optical spectral interpretation (Kamusoko et al., 2014). The period also serves 

to render an advantage of providing the spectral signature difference (during imagery 

classification) between the trees and the lower vegetation (grass, shrubs and herb) 

that wither soon after the rains (Chidumayo, 2001; Kamusoko et al., 2014).  

4.4 Validation of SFM Photogrammetry Acquired Imagery  

This section provides the visual inference (qualitative analysis) of the ground-based 

and the airborne (RGB) based imagery observations of the sampled Ntchisi Forest 

plots. It begins by providing the justification for the employment of the qualitative 

analysis, thus in addition to the point-to-point analysis. 

The use of the visual interpretation in this study was to augment the quantitative data 

analysis efforts because of the following the challenges that were encountered during 

data acquisition (as previously mentioned in sections 3.2.5 and 3.3.5) and affected the 

point-to-point analysis. 
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Since both the ground and airborne based-datasets were collected during the dry 

season (when the trees had leafed-off and their biomass affected by fire as well), the 

point-to-point correlational analyses of some plots did not work as expected (Section 

4.2.1, Figures 37 (P10), 40 and 42). This is despite the observations that the point-to-

point method remains an ideal means of validating the ground and the imagery 

datasets (Gao and Mas, 2008; Solberg et al., 2015). Hence, due to insufficient funding 

and time resource, compounded by the global lockdown effected to curtail the Covid-

19 pandemic for more than one full year, it was not possible for the researcher to travel 

back to Malawi (Ntchisi Forest) and collect data again during the next leaf-on seasons 

(2020 to mid 2021). As a result, it was imperative for this study to include the visual 

(qualitative) interpretations to aid explanations presented under the quantitative assay. 

 

 

  

  
Figure 50. Effect of tree leaf-off, dry season, fire and other environmental conditions on AGB detection: 
P10, (a)-Orthomosaics, (b)-DSM and (c)-CHM, respectively (all at 710m x 710m, scale of 50ha UAV 
boxes); P2 (d)-Orthomosaics, (e)-DSM and (f)-CHM respectively (all at 0.1ha or 20m radius ground plot 
size). In ground plots, the red plus sign and red stars denote the plot centroids and trees sampled, 
respectively. 

Figure 50 above displays a comparison of optical airborne layers acquired through 

SfM photogrammetry (orthomosaics, DSM and CHM) at different scales of 50ha (710m 

50(b) DSM (710m x 710m) 

50(c) CHM (710m x 710m) 

50(d) Orthomosaics (0.1ha) 

50(e) DSM (0.1ha) 

 

50(f) CHM (0.1ha) 

50(a) Orthomosaics-(710m x 710m) 
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x 710m, left) and at 0.1ha ground plot level (right), respectively. It displays key 

environmental conditions that affect the crown and AGB estimations which include tree 

leaf-off condition and dry season. The airborne plot boxes were deliberately overlaid 

on the terrestrial plots for reference's sake. The centroids of the gb plots marked by 

the red-cross (plus sign) plots acted as the reference points while the individual trees 

sampled during the terrestrial inventory are marked by the red stars.  

The spatial distribution of the ground and the UAV datasets in the orthomosaics, DSM 

and CHM show identical patterns. However, detection of the woody biomass (crown 

pattern and AGB estimation) using the optical UAV sensor operating in RGB 

electromagnetic spectrum in the figure above was affected by the following factors;  

(i) Fire (also in Fig. 51), 

(ii) Seasonality-dry season condition, and 

(iii) Tree morphology (leaf-off and leafless thorny foliar condition of Acacia 

species dominating the plots). 

Current research on plant communities' phenology indicates that leaf-on and broad-

leaf conditions in contrast to foliar senescence provide the edge for biomass detection 

by optical sensors (Vrieling et al., 2018; Zhu et al., 2021). Hence, the fairly leaf-on and 

broad-leaf shape conditions (as opposed to the leaf–off and small thorny leaves- Fig. 

51) of some of the trees observed during the terrestrial inventory period, particularly in 

P10 contributed to the better detection of canopy and biomass by the UAV (RGB) 

sensor.  

Below is a figure further depicting the effect of fire, leaf-off and small thorny leaves 

conditions in detection crown distribution and AGB estimations as encountered in P2. 

  

51(a) Orthomosaics 

 
51(d) Orthomosaics (0.1ha) 
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Figure 51. Effect of tree leaf-off, dry season and fire on AGB estimations in P2: (a)-Orthomosaics (b)-
DSM and (c)-CHM (all at 710m x 710m-scale of 50ha UAV plot-boxes); (d)-Orthomosaics, (e)-DSM and 
(f)-CHM, (all at 0.1ha or 20m radius of ground plot size). In ground plots, the red plus sign and reds 
stars denote the plot centroids and trees sampled, respectively. 

Inferring from Figure 51, thus in addition to the gb based observations period 

(September and October 2019), fire erased P2 and other plots, leaving most of the 

trees in leafless and dry. The plot was dominated by the Acacia species (Figures 51(a 

and d) characterised by short stipulate thorns and small bi-pinnate leaves that were 

shed-off during the 2019 survey. The DSM and CHM observations at ground plot level 

do not show a consistent and clear pattern of the crown and AGB spatial distribution 

due to the effect of fire and the nature of the thorny and leafless Acacia species 

dominating the plot. Studies that focused on optical imagery collected during dry 

season indicate that observations may be affected by the arid conditions since their 

spectral reflectance is sensitive to vegetation structure (Nunes et al., 2022; Zhang and 

Ni-meister, 2014).  

Research further observed that data acquired from optical sensors possess 

fundamental limitations for mapping wood biomass as their signal reflectance does not 

directly correlate to surface structure (Cutler et al., 2012; Naidoo et al., 2016). Hence, 

51(b) DSM (710mx710m) 
 

51(c) CHM (710m x 710m) 
 

51(e) DSM (0.1ha) 
 

51(f) CHM (0.1ha) 
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the aspects of fire, leafless and dry conditions contributed to the loss of trees leaves 

that resulted to weak signal reflectance and eventually yielded lower/underestimates. 

In summary, these leaf morphological environment and attributes hugely affected 

detection of the tree crowns by the optical UAV sensor and consequently 

underestimated the AGB stock as explained in the quantitative correlations earlier.  

Therefore, this study has tried to determine the ideal timing for conducting biomass 

studies using optical RS in Malawi’s Miombo Woodlands as the period soon after the 

rainy season has stopped, thus when the trees still have got leaves and there is little 

or no cloud cover (thus April-May, or precisely, 2-3 weeks after the last rains).  

4.4.1 Validation of UAV and ALOS-PALSAR crown and AGB spatial pattern by 

lacunarity analysis 

Lacunarity analysis refers to a simple technique for characterising texture in binary 

images and principally focuses on distribution of gap sizes in a geometric object or the 

complex intermingling of the shapes and distribution of gaps within an image (Henebry 

and Kux, 1995; Mandelbrot and Wheeler, 1983; Plotnick et al., 1993). Highly lacunar 

image exhibits gaps distributed across a broad range of sizes while the low lacunar is 

expressed by being homogeneous and translationally invariant (Plotnick et al., 1993). 

The technology has been identified as suitable for analysing imagery for pattern 

recognition in tree structure (Frazer et al., 2005; Zheng et al., 1995). 

In this study, the initial lacunarity analysis involved visual inspection of spatial texture 

patterns of homogeneity and heterogeneity displayed by the tree crown/canopy in the 

optical UAV imagery and the ALOS-2 PALSAR-2 (L-band) backscattering intensity. 

The comparison focused on the following key elements; (i) forest woody structure (tree 

crown/canopy and AGB distribution i.e., spectral reflectance for both leaf-on and leaf-

off trees), (ii) non-tree vegetation (grasses, shrubs), and (iii) gap features i.e., bare-

land/soils, cultivated land, rocks, burned area, streams, ponds etc.  

Lacunarity image analysis is on the other hand recommended for pattern recognition 

in tree structures (i.e., for expressing features of the size and distribution of holes, 

complex spatial distributions, or other morphologic features (Frazer et al., 2005; Zheng 

et al., 1995). 
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Figure 52. Visual spatial pattern comparison of P4, P5, P9 and P13 50ha UAV-RGB Orthomosaics (7cm pixel spatial resolution) and 50ha ALOS-2-PALSAR-2 
L-band Radar Backscatter (25m pixel resolution) acquired over Ntchisi Forest Reserve in 2019. Strong homogenous spatial pattern displayed by vegetation 
and weak trend by non-vegetation features. Remarkably high reflectance from green trees (especially leaf-on evergreen tree crowns growing along the riverine) 
in contrast to non-green or bare areas. The SAR imagery ascertains the strong correlation of HV-L-band polarisation and high backscatter. 

 

P4-Orthomosaics 

 

P4-ALOS-PALSAR 

 

P9-Orthomosaics 

 

P13-Orthomosaics 

 

P9-ALOS-PALSAR 

 

P5-ALOS-PALSAR 

 

P5-Orthomosaics 

 

P13-ALOS-PALSAR 
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Studies have observed that in ALOS-2-PALSAR-2 imagery, the mosaics classify 

backscattering in HH+HV polarisation in the following manner (Woodhouse, 2006);  

(i) Strong backscatter intensity (i.e., bright/white colour pixels) in Fig. 52 has 

corresponded to the high reflectance of the green crowns in the optical 

orthomosaics, in contrast to, 

(ii)  Weak backscatter intensity (i.e., grey/dark/black colour pixels) which have 

corresponded to low reflectance of the leaf-off, dry and lower vegetation and 

bare ground areas. 

Detailed studies on forest biomass and SAR backscatter have observed that radar 

reflection intensity is depended on surface roughness of the target features 

(Woodhouse, 2006; Woodhouse and Hoekman, 2000). In this case, the green Miombo 

tree crowns, especially along the streams rendered this property and highly yielded 

reflectance (brighter pixels) i.e., they reflected the radar in all directions, thereby 

scattering more energy back to the antenna sensor than the backscatter intensity from 

bare, dry land/ soil and/or the scotched vegetation. 

The ground reference plot (0.1ha) tree metrics in addition to the UAV orthomosaics 

observations characterise P9, P5 and P13 as having overlapping tree crowns while 

also growing in cohorts and some even constituting belts along riverine (Fig. 52). 

Although these ground plots constitute only a fraction of the UAV plot boxes (0.1ha 

each of 50ha), the very high spatial resolution orthomosaics visibly depict the tree 

cohorts (evergreen in RGB band combination) i.e., in P13, forming a riparian belt 

whose pattern has been homogeneous and reflected high radar backscatter intensity.  

Granting that the overlaps and the cohort attributes rendered difficulties in sighting 

individual tree tips and crowns during height and crown ground measurements, they 

have contrastingly provided the advantage for the ALOS-PALSAR-2 backscattering 

dataset to highly detect biomass. Studies indicate that signal reflectance captured by 

the SAR systems directly correlates to surface structure (Cutler et al., 2012; Naidoo et 

al., 2016; Sun and Ranson, 1998). Hence, the high radar backscatter intensity is 

attributed to the fact that the canopy belt forms a greater average diameter of the 

surface roughness, thereby giving rise to greater backscatter (Cassells et al., 2009). 

This is further attributed to aspect of the long-wave operation of HH+HV polarisation 
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of the L-band ALOS-PALSAR-2 (ʎ=23 cm) which penetrates deeper through the broad 

and thick leaves and branches. Miombo trees are broadleaved vegetation, therefore, 

the ALOS-PALSAR-2’s longwave provided sufficient backscatter signal/information on 

the form and orientation of scattering elements that compose the surface of the tree 

crown morphology/belt. 

Albeit displaying a discernible homogeneous pattern, the leaf-off crowns of the 

Miombo trees with sparse density have, on the other hand, rendered a heterogeneous 

pattern in contrast to the leaf-on green belts. This is ascribable to the leaf-fall, the dry 

conditions that resulted in exposure of more bare land and soil, which in turn affected 

surface roughness and dielectric properties in the ALOS-2 PALSAR-2 imagery.  

The next figure shows the effect of the environmental conditions on detection of AGB, 

and crown spatial pattern displayed by the ALOS-2-PALSAR-2 radar backscatter 

imagery in reference to the optical airborne orthomosaics. 
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Figure 53 (above) demonstrates a rather inconsistent and unclear pattern of crown 

distribution and AGB displayed by P3, P11 and P12 radar backscattering 

measurements (right) compared to the UAV Orthomosaics (left). Unlike the ground-

based datasets, which have displayed a strong-positive correlation with the predicted 

(54a)-P3-Orthomosaics (54b)-P3- ALOS-PALSAR-2-Radar backscatter 

 

 

(54c)-P11-Orthomosaics (54d) P11-PALSAR-2-Radar backscatter 

(54e) P12-Orthomosaics 
(54f) P12PALASAR-2-Radar backscatter 

Figure 53. Interplay of fire and rock outcrop on intermediate heterogeneous spatial pattern displayed by 
UAV-RGB orthomosaics (left) and ALOS-2-PALSAR-2 L-band radar backscatter (right) in P3, P11 and 
P12 of Ntchisi Forest. 
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tree heights on UAV Orthomosaic datasets, the bare land and burnt areas have 

demonstrated a definite heterogenous pattern (black and sharply defined low 

backscatter areas). The poor pattern displayed by the woody biomass is attributed to 

fire which reduced surface moisture, thereby resulting to the radar shadow effect 

propagated from target area where there has been exceptionally low or complete lack 

of received information (Woodhouse, 2006). In this regard, the bare and burnt areas 

did not return enough echo/backscatter due to reduced surface moisture caused by to 

fire.  

In addition, the interplay of the phenological/seasonal and environmental conditions of 

the Miombo woodlands of Ntchisi Forest have contributed to the heterogeneous 

pattern. First, notwithstanding the long hot and dry season that Malawi experiences 

each year, October 2019 (the period for the data collection) was recorded as the 

extremely hot and dry month with mean daily temperatures ranging from 29.2 - 42.1oC 

(Government of Malawi, 2019b). Research has shown that in all land cover classes of 

Southern Africa Tropics, dry periods lead to additional decrease in surface moisture 

(Urban et al., 2018). Therefore, the severe hot weather condition in Ntchisi enhanced 

evapotranspiration rate, which consequently induced leaf senescence among the 

deciduous Miombo trees (Fig. 5). Since radar backscatter intensity is partially a 

function of surface moisture (Belenguer-Plomer et al., 2019; Woodhouse, 2006); the 

evapotranspiration drastically contributed to the reduction of the branches and leaf- 

relative water content of the Miombo tree crown biomass. This lowered the dielectric 

constant value and alternatively influenced direct ground-backscatter (together with 

the leaf-fall), yielding low intensity that dominated the spectral reflectance. 

Second, Ntchisi Forest, like many Miombo woodlands is associated with dry season 

fires (Chinangwa et al., 2016) and these were also captured during terrestrial and UAV 

data collection (Fig. 53). Research has shown that combustion of vegetation due to 

fire may result in reduction of scattering elements that induces low post-fire 

backscatter coefficient (sigma) (Belenguer-Plomer et al., 2019). Inversely, it is the 

ground surface scattering (signal attenuation by the vegetation) that is more recorded 

in SAR microwave spectrum (ibid). In this regard, the heat generated by the fire highly 

reduced both the internal and surface moisture of crown biomass, thereby minimising 

the dielectric constant value extremely. This resulted in low backscatter intensity from 
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the tree biomass while the exposing the ground surface, whose scattering eventually 

dominated the spectral signature. 

Differently, the existence of bare rock outcrops in some parts of P11 and P12 (Fig. 53) 

also contributed much to the low radar backscatter intensity from the crown biomass. 

Bare rock backscattering occurs at the rock-air boundary, and it is renowned for its 

influence on surface roughness signal reflectance (Kamusoko et al., 2014; 

Woodhouse, 2006).  

A study on performance of SAR L- and C- bands in Kenya’s arid terrain, thus in the 

Savanah vegetation of Marsabit, observed that the presence of large rocks contributed 

to multiple scattering and yielded moderate backscatter under HV polarisation 

(Rosenqvist, 2018). Therefore, the smooth bedrock outcrops observed in P11 and P12 

(Fig. 53) provided the moderate surface roughness for the backscatter (in contrast to 

the rough surface i.e., sharp edged rock fragments) and yielded low surface scattering. 

This eventually, dominated the spectral reflectance pattern of the tree biomass that 

appeared heterogeneous in these plots.  

The next figure demonstrates the effect of topography/slope in assessing tree crown 

and AGB spatial distribution. 
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In closing, the overall homogenous pattern displayed by the spatial crown distribution 

in the optical orthomosaics and ALOS-2 PALSAR-2 backscatter measurements 

establishes the high degree of correspondence that the employment of the two 

datasets render in determining the crown distribution and AGB pattern of the Miombo 

Woodlands. This demonstrates that the optical airborne data can be effectively used 

as a bridge to scale-up the ground observations to a wall-to-wall coverage using the 

PALSAR backscatter datasets.  

Nonetheless, the study has significantly exposed the effect leaf-off (foliar morphology), 

fire, rock outcrop and topography as pivotal factors influencing the determination of 

the woody canopy and AGB. In addition, the analysis has also shown the effect of the 

layover distortion in determining the crown and AGB patterns on the ALOS-PALSAR 

imagery. 

4.5 Validation of Sentinel-1C Band Radar Observations 

This section presents observations drawn from the spatial crown patterns inferred from 

Sentinel-1-C-(S1-C) band radar backscatter measurements using the optical 

orthomosaics as reference data. The comparisons involved both wet and dry season 

S1-C imagery. 
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season scenes portraying homogenous correspondence, especially leaf-on (green) tree belt in contrast 

to wet season scenes, attributed to double-bounce scattering induced by moisture/rains-tree biomass 

interaction on the part of the C-band imagery. Imagery distortions observed in south-west direction in 

the SAR scenes attributed to shadowing effect. Red polygons inside the imagery boxes drawn using 

free hand and not to scale. 

The dry season plot scenes demonstrate a conspicuous homogenous spatial pattern 

whereby; high backscattering intensity is portrayed by a belt of tree cover with green 

leaves (leaf-on) while the low intensity values (grey/dark to black) in the radar imagery 

is characterised by the leaf–off trees and/or non-tree features. In contrast, the wet 

season imagery, except P8, have shown neither a distinct nor reliable tree crown 

distribution, but rather they have demonstrated a more-less evenly distributed 

backscattering throughout the plots.  

The even distribution of the pixel reflectance in rest of the plots is attributed to double-

bounce scattering which was induced by moisture/rains-tree biomass interaction 

during the wet season (Rosenqvist, 2018). These observations confirm the previous 

findings that radar response to forest biomass is more sensitive to changes in 

temporally varying parameters at C-band than at L-band (Pulliainen et al., 1999). 

Precisely, the study observed that the effect of seasonal and weather conditions 

affects the sensitivity of C-band (ibid). In contrast, the P8 wet season correspondence 

of tree crown distribution (homogeneity pattern of the tree canopy and of non-

vegetation features) is ascribable to the effect of the steep slope of a ridge, which 

facilitates drainage, and evapotranspiration of water/moisture in the plot. 

Imagery shifts distortions in the south-west direction and more vividly in the northern 

direction were noticed in P6 and P8 S1-C radar backscatter, respectively, thus in 

reference to the optical orthomosaics (Fig, 55). These typify the shadow effect (an 

advanced stage of layer over) which is known to cause the other sides of the mountain 

where the radar beams cannot illuminate appear dark on the image (Chen and Wang, 

2008; Laurin et al., 2018; Woodhouse, 2006). Ntchisi Forest being mountainous, the 

shadow effect of the radar beam is sufficiently considered to have affected the crown 

and AGB reflectance pattern, precisely in P6 and P8 (with a portion beneath a ridge) 

which are steep, bearing 18% and 74% slopes, respectively (Table 6).  
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A study on SAR imagery geometric distortions observed that though these may vary 

between scenes, technically the displacements are dependent on the angle of 

incidence acquired during imaging and on local relief (Chen and Wang, 2008). The 

shadowing patterns demonstrated in the three plots are comparatively more 

pronounced in the dry season imagery than the wet season. The same is true for the 

heterogeneity pattern of the crown cover distribution. This is because radar 

backscatter biomass reflectance attenuates more with higher soil moisture, especially 

in these low vegetation cover sites (Laurin et al., 2018; Woodhouse and Hoekman, 

2000).  

During the wet season, high volumetric water content of the ground influences the 

dielectric constant value by raising it, thereby affecting the direct ground backscatter 

which eventually attenuates, resulting to low backscatter measurements (Brolly and 

Woodhouse, 2012). These plot observations support the previous findings that that 

any changes in moisture pattern within Miombo Woodlands (i.e., early rains or late 

rains and/or reduced and even prolonged dry season) are likely to affect the pattern 

of the radar backscattering intensity (Cassells, 2012).  

Comparatively, these findings demonstrate that the SAR L-band observations have 

produced better spatial crown and AGB distribution patterns than the C-band 

observations. They support the findings of a study that investigated the increase of 

accuracy in forest AGB estimates when using HV polarization which showed that the 

dynamic range appears much greater at L-band than at C-band (Picard et al. 2004).  

In summary, the tree crown pattern observations demonstrate the positive correlation 

of the Miombo tree AGB of the rugged terrain of Malawi analysed between the optical 

airborne observations and the radar backscattering measurements. Nevertheless, the 

S1-C-band reflectance has been highly affected by the wet season compared to the 

dry season condition. Despite the effect of shadowing distortion being apparent in the 

SAR backscatter measurements of the rugged terrain plots, uniquely, the steep slopes 

have facilitated detection of crown distribution for the S1-C band wet season dataset 

by apparently, aiding drainage the moisture in the plot.  

This study, therefore, suggests that the potential of S1-C-data in predicting AGB 

specifically for Miombo Woodlands could be enhanced if;  
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(i) both the wet and dry season scenes are comparatively used,  

(ii) the effect of water/moisture drainage on plots sampled from steep slopes 

could be explored more,  

(iii) local allometric models are developed using the deciduous Miombo trees of 

Malawi as it is the case with ALOS-PALSAR’s i.e., the one developed by 

(McNicol et al., 2018), and  

(iv) modelling/estimating of the AGB and crown distribution are conducted using 

Machine Learning techniques, such as randomforest algorithm in contrast 

to the traditional methods i.e., simple linear regression as established by 

(Kadzuwa and Missanjo, 2023) 

4.6 Crown Distribution Comparisons using Resampled Imagery  

The Digital Terrain Model and Fractional Cover datasets of PALSAR-2 and S1-C-

imagery were rescaled to 50m and 100m pixel spatial resolutions to compare and 

determine crown distribution pattern in Miombo Woodlands of Ntchisi (Figure 56-69).  

The next set of figures show comparisons of the crown spatial distribution patterns 

from the optical UAV and the ALOS-PALSAR-2 resampled imagery.
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Figure 56. Comparison of crown distribution measured at 50ha scale in P13, (Left – Right): (i) UAV orthophoto-7cm pixel spatial resolution, 0-255 scale; (ii) FC-
7cm pixel spatial resolution, 0-100% scale; (iii) DTM-50m pixel spatial resolution, 634-708 scale; (iv) CHM-50m pixel spatial resolution, 0-55m scale; and (v) 
ALOS-PALSAR-2 AGB mosaics-50m pixel spatial resolution, 0-83tCha-1 scale. 

 

 

Figure 57. Comparison of crown distribution measured at 50ha scale in P4, (Left – Right): (i) UAV orthophoto-7cm pixel spatial resolution, 0-255 scale; (ii) FC-

7cm pixel spatial resolution, 0-100% scale; (iii) DTM-50m pixel spatial resolution, 634-708 scale; (iv) CHM-50m pixel spatial resolution, 0-55 scale; and (v) 

ALOS-PALSAR-2 AGB mosaics-50m pixel spatial resolution, 0-68tCha-1 scale. 
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Figure 58. Comparison of crown distribution measured at 50ha scale in P12, (Left – Right) (i) UAV orthophoto-7cm pixel spatial resolution, 0-255 scale; (ii) FC-

7cm pixel spatial resolution, 0-100% scale; DTM-50m pixel spatial resolution, 634-708 scale; (iii) CHM-50m pixel spatial resolution, 0-55m scale; and  (v) ALOS-

PALSAR-2 AGB mosaics-50m pixel spatial resolution, 0-75tCha-1 scale. 

 

Figure 59. Comparison of crown distribution measured at 50ha scale in P8, (Left – Right): (i) UAV Orthophoto-7cm pixel spatial resolution, 0-255 scale; (ii) FC-

7cm pixel spatial resolution, 0-100% scale; (iii) DTM -50m pixel spatial resolution, 634-708 scale; (iv) CHM 50m pixel spatial resolution, 0-55m scale; and (v) 

ALOS-PALSAR-2 AGB mosaics-50m pixel spatial resolution, 0-106tCha-1 scale.  
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The trend of crown spatial distribution patterns in P13, P4, P12, P8 (Figures 56-59 

above) demonstrated that as the pixel spatial resolution is downsized from 7cm-50m, 

spectral reflectance gets attenuated highly (~30%) and worsens at 100m pixel spatial 

resolution. As result, the resampled imagery at this scale have not been included.  

P12 clearly displays areas affected by fire and dominated by rock-outcrop, showing 

low backscatter pixels (greyish-to-black) correspondingly, suggesting bare/low 

vegetation surfaces (except dry snow and dry sandy-soils) attenuate microwave 

penetration while influencing surface scatter. 

Nevertheless, at 50m pixel spatial resolution for instance, some high degree of 

correspondence in the patterns were observed on bare land, i.e., P13, 

bottom/southern part with footpaths) and other areas covered by green vegetation 

(Fig. 56). This is in addition, to P8 (Fig. 59) where spectral reflectance on vegetation 

cover displayed by bright pixels while low or no tree vegetation cover in the optical 

UAV FC % image; and correspondingly shown by the dark pixels of the DTM, CHM 

and ALOS-PALSAR imagery. 

However, P12 orthomosaics (Fig. 58-left) clearly indicate areas affected by fire and 

dominated by rock outcrop, which have correspondingly displayed low backscatter 

pixels (greyish to black areas) in the ALOS-PALSAR scene. The low values are 

attributed to the effect of surface roughness & dielectric properties (moisture) 

attenuated by the fire and rock outcrops. These PALSAR scene observations support 

the premise uncovered by studies that most bare or low vegetation surfaces (except 

dry snow and dry sandy soils) allow extraordinarily little penetration of microwave, 

thereby allowing surface scatter to dominate the measured intensity (Meyer, 2019; 

Sinha et al., 2015; Woodhouse, 2006).  

The next figures demonstrate comparisons of the spatial crown distribution in Sentinel-

1–C band resampled imagery and the UAV orthomosaics. 
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Figure 60. Comparison of crown distribution measured at 50ha scale in P5, (Left – Right): (i) UAV Orthophoto-7cm pixel spatial resolution, 0-255 scale; (ii) FC-

7cm pixel spatial resolution, 0-100% scale;(iii) DTM -50m pixel spatial resolution, 634-708 scale; (iv) CHM 50m pixel spatial resolution, 0-55m scale; and (v) 

Sentinel-1-C -50m pixel spatial resolution, 0 to -0.6 decibels scale. 

 

Figure 61. Comparison of crown distribution measured at 50ha scale in P6, (Left – Right):(i) UAV Orthophoto-7cm pixel spatial resolution, 0-255 scale; (ii) FC-

7cm pixel spatial resolution, 0-100% scale; (iii) DTM -50m pixel spatial resolution, 634-708 scale; (iv) CHM 50m pixel spatial resolution, 0-55m scale; and (v) 

Sentinel-1-C -50m pixel spatial resolution, 0 to -0.6 decibels scale. 



 Evaluation of Low-Cost Earth Observations to Scale-Up National Forest Monitoring in Miombo Woodlands of Malawi 

Evaluation of Low-Cost Earth Observations to Scale-Up National Forest Monitoring in Miombo Woodlands of Malawi  182 
 

 

Figure 62. Comparison of crown distribution measured at 50ha scale in P9, (Left – Right): (i) UAV Orthophoto-7cm pixel spatial resolution, 0-255 scale; (ii) FC-

7cm pixel spatial resolution, 0-100% scale; (iii) DTM -50m pixel spatial resolution, 634-708 scale; (iv) CHM -50m pixel spatial resolution, 0-55m scale; and (v) 

Sentinel-1-C -50m pixel spatial resolution, 0 to -0.6 decibels scale. 

 

 

Figure 63. Comparison of crown distribution measured at 50ha scale in P8; (Left – Right) (i) UAV Orthophoto-7cm pixel spatial resolution, 0-255 scale; (ii) FC-
7cm pixel spatial resolution, 0-100% scale; (iii) DTM -50m pixel spatial resolution, 634-708 scale; (iv) CHM -50m pixel spatial resolution, 0-55m scale; and (v) 
Sentinel-1-C -50m pixel spatial resolution, 0 to -0.6 decibels scale. 
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Figure 64. Comparison of Crown Distribution measured at 50ha scale in P1; (Left – Right): (i) UAV Orthophoto-7cm pixel spatial resolution, 0-255 scale; 
(ii) FC-7cm pixel spatial resolution, 0-100% scale; (iii) DTM -50m pixel spatial resolution., 634-708 scale; (iv) CHM -50m pixel spatial resolution, 0-55m 
scale; and (v) Sentinel-1-C -50m pixel spatial resolution, 0 to -0.6 decibels scale. 

 

Figure 65. Comparison of Crown Distribution measured at 50ha in P2; (Left – Right): (i) UAV Orthophoto-7cm pixel spatial resolution, 0-255 scale; (ii) 
FC-7cm pixel spatial resolution, 0-100% scale; (iii) DTM -50m pixel spatial resolution, 634-708 scale; (iv) CHM -50m pixel spatial resolution, 0-55m 
scale; and (v) Sentinel-1-C -50m pixel spatial resolution, 0 to -0.6 decibels scale. 

Similarly, in the above figures, the trend of crown spatial distribution patterns in P5, P6, P9, P8, P1 and P2 have demonstrated that as the pixel spatial 
resolution is downsized from 7cm-50m, spectral reflectance gets attenuated highly (~30%) and worsens at 100m pixel spatial resolution. Heterogeneous 
spatial crown arrangement displayed by P1 and P2 confirms the effect of fire on woody biomass in Miombo. Overall, S1-C observations (demonstrate 
less conspicuous and consistent crown spatial patterns compared to the one from the ALOS-PALSAR-2 (Fig. 56-59). 
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Notably, both P1 and P2 (Fig. 64 and 65) have not rendered a vivid pattern of the 

spatial tree crown reflectance due to the fire that swept these plots. 

In comparison, the S1-C observations (demonstrate less conspicuous and consistent 

crown spatial patterns compared to one from ALOS-PALSAR-2 (Fig. 56-59). This is 

attributable to the SAR-C band’s (λ = 5.6cm) weaker penetration than the PALSAR’S 

L-band (λ= 23 cm), thus through thicker surfaces such as branches and trunks of the 

Miombo trees.  This is in addition to the observation that most of the trees lost their 

leaves due to the fire as well their deciduous nature during the dry season (Carreiras 

et al., 2013; Ghosh and Behera, 2018; Pulliainen et al., 1999; Santoro et al., 2013). 

Overall, inference made on the ALOS-PALSAR-2 and Sentinel-1-C-band resampled 

imagery indicates that <50m pixel spatial resolution is the ideal scale with which spatial 

crown pattern distribution for the AGB and C can be estimated for better accuracy, 

thus under the given conditions of Malawi’s Miombo Woodlands.  

However, this study encourages employment of multiple seasonal datasets (wet and 

dry season) due to their advantage of averaging out the extreme conditions of a single 

season that affect woody biomass detection as observed in P8 imagery for Sentinel-

1-C datasets. This ultimately enhances accuracy of the estimates. 

4.7 Validation of Sentinel-2-L2A SWIR Band Combination 

Observations 

The next figures portray Sentinel-2 L2A-SWIR band combination scene covering wet 

and dry season that have been reference against the optical UAV based orthomosaics 

acquired over Ntchisi Forest in 2019.  
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(66a) P13-Orthomosaics (66b) P13-S2-SWIR-dry (66c) P13-S2-SWIR-wet 

(66d) P12-Orthomosaics  (66e) P12-S2-SWIR-dry (66f) P12-S2-SWIR-wet  

(66g) P10-Orthomosaics   (66h) P10-S2-SWIR-dry  (66i) P10-S2-SWIR-wet 

(66j) P9-Orthomosaics  (66k) P9-S2-SWIR-dry  (66l) P9-S2-SWIR-wet 
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Figure 66. Comparison of crown distribution pattern at 50ha scale in P13, P12, P10 and P9, Crown 

Distribution, (Left – Right) (i) UAV Orthophoto (7cm pixel spatial resolution), (ii) S2-SWIR-dry season 

(20m pixel spatial resolution), and (iii) S2-SWIR-wet season (20m pixel spatial resolution). High spectral 

reflectance by tree crown cover and AGB from leaf-on conditions (tree belts) and low reflectance on 

leaf-off trees and contrastingly exceptionally low from non-vegetation/biomass features i.e., bare earth, 

soil, or rocks.  

In Figure 66 above, both the wet (right) and dry season’s (middle) imagery scenes are 

compared against the optical airborne orthomosaics (left), for crown spatial 

distribution. The S2 SWIR observations show a consistent pattern with the 

corresponding optical orthomosaics for the spatial crown distribution, i.e., high spectral 

reflectance intensity (greener pixels values) displayed by tree cover and AGB 

especially, in leaf-on condition (tree belts) and low intensity values (pale-green to 

yellowish) for leaf-off trees and contrastingly, brown to light-tan on non-tree-features 

such as bare earth, soil, or rocks (P13, 12,10 and P9).  

The clear distinction of the non-biomass features; bare land (P13 and P9, Figures 66a 

and 66j) and conspicuously the rock out crops in P10 (Fig.66g) is due to the high 

reflectance of the SWIR band combination, thus in contrast to the L-band’s ALOS-2 

PALSAR-2 and or S1-C- bands radar backscatter measurements on rocks. A study on 

vegetation indices of African arid steppes observed that SWIR is moderately and 

strongly reflected by the vegetation canopy and soil, respectively, within the 

corresponding 1600–1800nm and 2200–2300nm regions (Benseghir and Bachari, 

2021). Similarly, this attribute in the Malawi’s Miombo Woodland under study 

influenced the overall spectral reflectance of the (P13, P9 and P10), resulting to clear-

cut pattern demarcations of soil and rock outcrops that are lucidly separated from tree 

biomass in the S2 SWIR band combination imagery scene.  

On the other hand, a clear pattern displayed by the vivid distinction of the burnt area 

and bare land/soils in P12 and the lower part of P13 can be highly attributed to the fact 

that newly burnt land reflects highly in SWIR (Guerschman et al., 2009; Nyasulu et al., 

2020). 

The next figure shows a comparison of tree spatial crown and AGB distribution pattern 

in plots that were highly affected by fire, in contrast to the wet season conditions. 
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(67a) P1-Orthomosaics (67b) P1-S2-SWIR-dry (67c) P1-S2-SWIR-Wet 

(67d) P2-Orthomosaics (67e) P2-S2-SWIR-dry (67f) P2-S2-SWIR-Wet 

Figure 67. Comparison of crown distribution pattern at 50ha scale in P1 and P2. (Left – Right): (i) UAV 

Orthophoto (7cm pixel spatial resolution), (ii) S2-SWIR-dry season scene (20m pixel spatial resolution), 

and (iii) S2-SWIR-wet season scene (20m pixel spatial resolution). Heterogenous spatial crown and 

AGB distribution pattern in dry season is attributed to the effect fire while the homogeneous pattern in 

the wet season is attributed to the vegetation greenness that is induced by abundant moisture.  

The crown spatial arrangement displayed in both P1 and P2 (Fig. 67) is 

heterogeneous, dominating with pale red to brownish colours in the dry season 

imagery (67b and 67e), in contrast to the wet season which is homogeneous. The 

evenly, pattern of the crown arrangement in the S2-SWIR wet season is attributed to 

the sufficient moisture that induces vegetation to develop green leaves.  

On the other hand, the non-distinct pattern is attributable to fire (besides the leaf-off 

condition) and it was exacerbated by the dry period experienced during the survey 

period, thus September and October 2019. Studies observed that that newly burned 

land reflects strongly in SWIR, an aspect that makes the band combination valuable 

for mapping fire damaged area (Guerschman et al., 2009; Nyasulu et al., 2020).  
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To crown it all, both wet and dry season Vis/NIR/SWIR band combination scenes 

should be employed in the Miombo Woodlands for enhanced accuracy when 

assessing crown spatial distribution and AGB cover, given the conditions of the study 

site. These band combination datasets have also proven useful in detecting the areas 

affected by fire, and the bare land/open soils and even rock-outcrops as they reflect 

highly. 
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CHAPTER-5 

5.0 CONCLUSION  

This study explored the effectiveness of low-cost optical SfM photogrammetric 

orthomosaics acquired from UAV in upscaling the ground-based (gb) measurements 

of forest biomass in Miombo Woodlands of Malawi. The results were compared to 

open-sourced radar and optical satellite EO to assess their relative suitability. In brief, 

UAV data has an increasing role in tackling the problem of using open satellite data 

for supporting the sustainability of Malawi's National Forest Monitoring System 

(NFMS), thus regarding the financial constraints of the country.  

The aim of the study was to establish the effectiveness by considering costs, assess 

spatial and temporal coverage and the associated accuracy of the optical airborne and 

freely/unrestricted Earth Observations datasets for Malawi’s NFMS to help the 

Government attain the level required for global standards of REDD+ mechanism and 

more significant, carbon-based (C) payments. The specific objectives were; 

(i) To investigate the effectiveness of low-cost optical UAV orthomosaics in geo-

locating individual trees and estimating above ground biomass (AGB) and C 

and crown diameter that yields fractional cover (FC); 

(ii) To scale-up the plot-based AGB measurements using height and crown 

diameter/(FC) parameters extracted from the UAV survey (objective 1) to 

evaluate the use of EO from ALOS-PALSAR-2 and Sentinel1 and 2, and ESA-

CCI Biomass Map missions in estimating AGB and C on wall-to wall basis,  

(iii) To compare AGB and crown diameter results from objective ii, thus between 

ALOS-PALSAR-2 and Sentinel1 backscatter, and the ESA-CCI Biomass Map 

measurements in terms of (a) accuracy, (b) extent and frequency of coverage, 

(c) costs, and (d) reliability of operation in the study site’s environment, and  

(iv) To explore the relationship among the ground-based, airborne-based and 

satellite-based AGB, C and fractional cover (achieved simultaneously through 

undertaking the first two objectives).  

The undertaking of the four objectives provided insights into where these datasets are 

more/less successful in mapping biomass in Malawi. Data were acquired in 2019 from 

13 plots over Ntchisi Forest in 3-fold, vis-a-vis; (i) individual tree measurements from 
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0.1ha gb plots, (ii) 3-7cm pixel resolution optical airborne imagery from 50ha plots, 

and (iii) SAR backscatter and Vis/NIR/SWIR band combination imagery.  

5.1 Ground Based Measurements Analysis 

The AGB mean stock of 44.5tCha-1 revealed the effect of escalated anthropogenic 

environmental threats affecting woody biomass that include; wood extraction 

(firewood, charcoal, poles, and timber), dry season fire and grazing. They further 

demonstrate how these attributes have contributed to diverse range of the plot-based 

AGB stock (25.1 to 68.8 tCha-1) and a density of 7-24 stems per plot.  

The findings from the ground-based measurements have demonstrated a positive 

relationship between the individual tree diameter at breast (dbh) and height 

parameters, supporting the premise that positive parametric correlations exist 

between the former and crown size, especially from the field-based measurements. 

The correlation of dbh and crown diameter of the dominant individual trees (R2 = 0.6) 

suggests that the crown cover or better still the Fractional Cover (which is extracted 

from crown diameter) is dependent on the stem form (dbh) of the trees in Ntchisi 

Forest. On the other hand, the strong correlation (R2 = 0.7) between the ground-based 

AGB (tCha-1) and the ground-based Fractional Cover percent (FC %) has 

demonstrated reliably that FC % can be used to determine AGB stocks in the Miombo 

Woodland. 

The study has however, observed that individual tree crown overlapping and 

overhanging observed in some plots rendering difficulties in sighting the tree tips also 

hampered crown delineation, thereby inherently affecting height and crown diameter 

measurements, and more importantly, AGB estimation accuracy. 

5.2 UAV Imagery Analysis 

The key results from the UAV imagery analysis demonstrate a strong correlational 

relationship (R2 = 0.7) between ground-based AGB and UAV-based fractional cover 

percentage (FC %) considering the site conditional challenges associated with both 

datasets; i.e., tree leaf-off condition exacerbated by fire, overlapping and overhanging 

of individuals trees, non-use of Differential GPS and the wind upsurge. Hence, the 

70% correlation consistently established on estimation of AGB across the entire 

Ntchisi Forest is by far, a better predictive power compared to the ground-based 



 Evaluation of Low-Cost Earth Observations to Scale-Up National 
Forest Monitoring in Miombo Woodlands of Malawi 

Evaluation of Low-Cost Earth Observations to Scale-Up National Forest Monitoring in Miombo Woodlands of 

Malawi  191 
 

individual tree height and Canopy Height Model (CHM) correlation whose values 

ranged from as low as R2=0.5 and generated a wide range of Bias (5-15m). Despite 

the relatively weak correlation observed from the height parametric relationship, this 

study still encourages employment of the UAV orthomosaics (CHM, thus as a 

supplement to the EO) due to;  

(i) the 3D aspect which under normal conditions has proven to yield better 

accuracy in estimations of AGB in other Tropical woodland studies, an 

aspect not available in 2-dimensional satellite imagery, and 

(ii) the higher repetitive frequency and very fine spatial resolution of AGB 

observations that a drone can provide in contrast to the most satellite Earth 

Observations (i.e., ≥ 30m for Landsat Missions). However, the UAV imagery 

must be acquired during the leaf-on season, in contrast to the leaf-off (dry) 

season. 

The UAV survey findings further show that a low-budget UAV system can collect 

optical/RGB data of very high resolution (3-7cm resolution), with a spatial horizontal 

geolocation uncertainty of ±13m in the rugged terrain Miombo Woodlands of Malawi. 

In view of the high expenses of ground-based forest inventories, plus their limited 

coverage (estimated in this study as £30 per ha, per person), the UAV provides a cost-

effective means of bridging the ground datasets to the wall-to-wall satellite EO data, 

with an estimated cost of £7 per ha.  

These findings reveal that the consumer grade UAV employed, and the optical 

observations acquired (collectively categorised under low-cost Structure-from-Motion 

photogrammetry), as used in this study is straightforward and cheap to operate 

compared to data acquired from commercial RADAR/LiDAR/ALS platforms, thus for 

Malawi’s REDD+ purposes. The outcomes further establish that airborne FC is a more 

reliable indicator of the AGB stock distribution pattern in contrast to the airborne 

canopy height model (CHM), thus under the measurement conditions encountered in 

this work. Hence, for enhanced accuracy during estimation of AGB and C in the 

Miombo Woodlands, this study encourages incorporation of FC measurements as a 

key parameter.  
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The poor correlation of the UAV orthomosaics derived tree height and the ground-

based height datasets (R2 = 0.4) is attributed to the environmental factors outwith the 

control of the drone operators (at the time of the survey) i.e., leaf-off condition (which 

meant tree top canopy surfaces were unobserved due to the loss of the leaves), forest 

fires that also caused loss of woody biomass, topography (slope variation of 18-74% 

that impacted on the geo-correction) and wind squalls (>10.4 m.s-1 to 13.1 m.s-1) 

encountered during the UAV flight missions (which reduced the quality of the 

orthomosaics). 

Additionally, these results signify the influence of, (i) individual tree crown overlaps, (ii) 

tree clumping, and (iii) plot-edge effect that rendered height and other parameters 

difficult to measure. These consequently, led to either underestimations or 

overestimations of AGB, C stocks and/or crown distribution. Furthermore, the poor 

correlation further exemplifies the limitations of ground-based inventory, i.e., the size 

of 0.1ha ground sampling plot units not being fully representative of forest biomass 

conditions, thereby resulting to spatial inexplicitness and weak correlation. The low 

correlation is further attributed to the UAV’s systematic error associated with Structure-

from-Motion photogrammetry.  

On the other hand, the outcomes illustrate the limits of optical sensors and SfM 

photogrammetry in detecting tree biomass under challenging weather conditions (wind 

and hazy/fire) and the topography of Malawi’s Miombo Woodlands. Nevertheless, this 

study encourages the Malawi Government to engage the optical low-cost UAV 

datasets as a bridging and cost-effective means of upscaling the ground-based 

measurements through incorporating the FC parameter in estimating AGB and C.  

For most reliable results, this study recommends researchers to undertake UAV flight 

surveys in the dry tropics during the leaf-on season, at least within 2-3 weeks after the 

rainy season has stopped, thus when tree canopy cover still abundant.  

5.3 SAR Imagery Analysis 

The fundamental results observed between the gb AGB (tested at 0.1ha ground plot 

scale) and AGB from ALOS-PALSAR-2, ESA CCI-Biomass Map, and S1-C-band (at 

their original pixel resolutions) show strong correlational relationships: R2 = 0.9, RMSE 

= 7tCha-1; R2 = 0.8, RMSE = 8tCha-1; and R2 = 0.7, respectively. The overall better 
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performance range of the SAR backscatter (R2 = 0.7 to 0.9) demonstrate that SAR 

measurements can be suitably used to infer the Miombo AGB with better accuracy. 

Nevertheless, the RMSE range of 7-8tCha-1 can be attributed partly to the effect of 

sensing angle, canopy heterogeneity, and topographical distortions apparent in some 

of the plots, especially those with steep terrain and topographic ridges. While effect of 

these was apparent in the SAR imagery scene, as displayed by the layover and 

foreshortening distortions, their encounter reaffirms the need to cautiously consider 

the contribution of these geometric effects to the accuracy of the AGB and C estimates 

especially in these Miombo Woodlands.  

The correlation of the UAV-based AGB and ALOS-PALSAR AGB showed a decline 

(R2= 0.54) as the estimates were scaled from 0.1ha ground-based (gb) plot to 50ha 

(by coarsening the imagery to 50m pixel spatial resolution). This is attributed to the 

effect of leaf-off condition. However, results from the following 3 datasets, (i) gb AGB 

reference measurements (0.1ha plot), (ii) UAV-based 50ha plot AGB and the ALOS-

PALSAR based AGB at 50ha plot show closely related mean stocks of 44.5tCha-1, 

43tCha-1 and 30.8tCha-1, respectively, in which Fractional Cover percentage was used 

as the measurement parameter. This indicates that the gb datasets can be reliably 

scaled up to the wall-to-wall remotely sensed datasets using the fractional cover 

estimates. While the RMSE and the Bias ranges slightly improved when the datasets 

were coarsened to 100m pixel spatial resolution (the scale of ESA-CCI-Biomass Map 

data), the effect of the seasonal loss of leaves was still inherent, worse-still significant 

information on spatial distribution crown diameter were lost. Hence, this scale resulted 

in very low correlation and is discouraged by this research, thus under the conditions 

of the study encountered.  

To conclude, while this study recommends scaling up of AGB and C estimates using 

the ALOS-PALSAR-2 datasets as a cost-effective means under the REDD+ 

mechanism, it cautiously emphasises the need to calibrate the AGB during the leaf-on 

season and use a scale of <50m, preferably 25m pixel spatial resolution for better 

accuracy. The leaf-on season datasets would minimise the effect of phenological and 

seasonal conditions that contributed to underestimation of AGB and C estimations. 
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5.4 Visual Imagery Analysis 

The findings on visual qualitative analysis show that the optical UAV orthomosaics, 

S2-Vis/NIR/SWIR band combination and SAR (S1-C band) backscatter 

measurements mostly show a correspondence of crown diameter spatial distribution 

patterns i.e., consistent, and homogenous patterns exhibited particularly by the leaf-

on tree canopies growing along the riverine tree belts and cohorts in each imagery. 

However, to yield robust results, the crown spatial distribution data must be collected 

at the right season, i.e., during the leaf-on season, preferably soon after the rains have 

stopped, in contrast to the dry season (leaf-off condition).  

While the high relationship observed echoes the significance of the leaf-on condition 

as a pre-requisite for accurate AGB and crown diameter spatial distribution estimation, 

these outcomes further expose the effect of fire, rock outcrops and bare land/soil as 

some of the key factors affecting the estimates in the Miombo Woodlands. These 

factors are better detected by the SWIR band combination while vegetation cover 

(crown and other biomass) are well estimated using the Vis/NIR (Red-Edge) of the 

Sentinel-2 imagery. The entire results, however, prominently uncover the potential of 

the Vis/NIR/SWIR band combination in detecting the effect of newly burnt areas and 

rock outcrops affecting mapping of AGB and crown diameter spatial distribution.  

In conclusion, the findings reveal that the ground-based datasets can be cost-

effectively scaled-up with the freely available and unrestricted EO (SAR and/or 

Vis/NIR/SWIR band combination) datasets by using optical UAV datasets as a link in 

estimating AGB and C in Malawi’s Miombo Woodlands. However, scaling up the AGB 

from height was not robust enough due to leaf-off condition of the trees; instead, the 

canopy (fractional) cover parameter was considered more reliable. The choice of 

appropriate scale of measurement i.e., <50m spatial resolution scale for coarsening 

imagery to enhance mapping accuracy of AGB, C and crown diameter spatial 

distribution is quite significant while also considering the environmental conditions of 

the Miombo Woodlands under study. These attributes are envisaged to go a long way 

in supporting the Malawi’s NFMS standards to yield carbon-offset payments under the 

global REDD+ mechanism. 
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5.5 Areas Suggested for Further Research 

As a way forward, the study encourages further exploration on;  

(i) The suitability of the Vis/NIR/SWIR band combination band combination in 

evaluating dry season fire, bare-lands and presence of rock outcrops during 

woody biomass assessments, given the conditions of the Miombo 

Woodlands, 

(ii)  The effectiveness of other vegetation indices such as Modified Soil 

Adjusted Vegetation Index (MSAVI), Transformed Vegetation Index (TVI), 

Soil Adjusted Vegetation Index (SAVI), just to mention, but a few, in 

estimating woody components of the Miombo given the woodlands’ 

conditions encountered during the study, 

(iii) Generation of local allometry that can be used to calculate woody biomass 

from the SAR S1-C band datasets with enhanced accuracy, and  

(iv) Modelling of the AGB and crown distribution using other Machine Learning 

techniques that have proven to render better accuracy, in contrast to the 

traditional methods i.e., simple linear regression as recommended by 

(Kadzuwa and Missanjo, 2023). 
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7.0 APPENDICES  

APPENDIX I: KEY TREE PARAMETERS MEASURED DURING TERRESTRIAL 

INVENTORIES 

Parameter Description 

Tree species All species in 2m (clip plot),  6m, 12m, and 20m 

radius plots 

Diameter at Breast Height Arithmetic mean diameter of plant bole at the 

height of 1.3 meters above ground, measured in 

6m, 12m, and 20m radius plots 

Basal Area Arithmetic sum of all individual trees basal area 

within a stand measured in 6m, 12m, and 20m 

radius plots 

Mean Height Arithmetic mean tree height of sample trees within 

the stand measured in 6m, 12m, and 20m radius 

plots 

Crown/Canopy Cover Percentage of ground covered by vertical 

projection of the outermost edges of the foliage of 

the plants measured in 6m, 12m, and 20m radius 

plots. 

Stocking Number of trees in an area as opposed to the 

desired number of trees for best growth measured 

in all  plots 

Stand Density Quantitative measure of stocking on a per unit area 

basis [e.g. Volume/Area, Tree Numbers/Area, 

Canopy Cover/Area]  
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APPENDIX II: BASIC FIELD INVENTORY EQUIPMENT/TOOLS 

Tool/Equipment Primary Use 

Aluminium tag/tree marker, 

tapes/staple-gun tucker 

Identifying sampled trees 

Botanical–press board Collection of plant specimen for further identification 

Calliper Measuring tree diameter/dead wood diameter 

Chalk/flag tape Marking sampled trees and sub-plot boundary 

Clipboard Writing surface 

Data Sheets Recording measurements 

Diameter measuring tape  dbh 

GPS-(handheld  receivers)  Navigation and plot layout (centre identification, marking 

waypoints, boundary demarcation)  

Hammer Driving metal rod into the soil  on plot centre 

Hypsometer Height  

Machete Cut vegetation to create access, determine wood decay 

level 

Metal rod Monumenting plot centre 

Pocket compass Navigation, tree bearing 

Ranging rod Aligning and marking positions  

Reel measuring tapes Plot layout, crown diameter and horizontal  distance 

Scale Weigh litter and herbaceous material 

Slope Correction Table Slope degree/angle adjustment 

Spherical Densiometer Density/crown/canopy cover 
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APPENDIX III: INDEX CODE FOR TREE SPECIES SAMPLED IN NTCHISI FOREST 

 
Species Index  

Code 

Species Index  

Code 

Species Index  

Code 

Acacia_polyacantha 1 Combretum_apiculatum 15 Monotes_africanus 29 

Acacia_goetzei 2 Combretum_collinum 16 Parinari_curatellifolia 30 

Acacia_nigrescens 3 Combretum_zeyheri 17 Pseudolachnostylis_maprouneifolia 31 

Anonna_senegalensis 4 Cussonia_arborea 18 Rhus_natalensis 32 

Bauhinia_petersiana 5 Dalbergia_nitidula 19 Rothmania_engleriana 33 

Brachystegia_longifolia 6 Diplorhynchus_condlylocarpon 20 Senna_spectabilis 34 

Brachystegia_boehmii 7 Euclea_crapes 21 Stereospermum_kunthianum 35 

Brachystegia_bussei 8 Faurea_rochetiana 22 Strychnos_potatorum 36 

Brachystegia_floribunda 9 Friesoldielsia_obovata 23 Uapaca_kirkiana 37 

Brachystegia_longifolia 10 Julbernadia_globiflora 24 Uapaca_sansibarica 38 

Brachystegia_manga 11 Julbernadia_paniculata 25 Vernonia_amygdalina 39 

Brachystegia_utilis 12 Lannea_discolor 26 Ximenia_caffra 40 

Bridelia_micrantha 13 Margaritaria_discoidea 27 
  

Catunaregam_spinosa 14 Markhamia_obtusifolia 28 
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APPENDIX IV: EFFECT OF LEAF PHENOLOGY, TOPOGRAPHY AND WIND SPEED 
ON FOREST CANOPY HEIGHT AND ABOVE GROUND BIOMASS ESTIMATION 
USING OPTICAL UAV DATA IN MALAWI’S MIOMBO WOODLANDS 
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ABSTRACT 

 
The study investigated the effect of tree leaf phenology, topography and wind speed on estimating forest canopy 

height (FCH) and above ground biomass (AGB) using optical drone data in Miombo Woodlands of Malawi. Data 

were acquired in 2019 from thirteen plots of Ntchisi Forest Reserve, in two-fold; tree measurements from 0.1ha in-

situ plots and airborne RGB ortho-images overlaid on the terrestrial plots from 50 ha boxes. The imagery were 

acquired by DJI Phantom-4 Unmanned Aerial Vehicle (UAV) at ~7cm pixel resolution. These were processed using 

Structure-from-Motion photogrammetry algorithm in Agisoft Metashape Professional software. Malawi’s local 

allometry                        was used to estimate AGB while the Analysis of Variance 

was employed to test accuracy. Results reveal that leaf phenology, topography and wind speed significantly 

(P<0.05) affected estimation of FCH and AGB using the airborne observations. Wind speed contributed highly 

(53.95% and 55.52%) to the total variation of FCH and AGB, respectively. Furthermore, wind speed upsurge >5m.s-

1 (-666.90±27.62%; -64.78±8.47%), topography >15% slope (- 114.53±2.92%; -17.07±2.31%) and leaf-off 

condition (-188.45±25.62%; -27.80±7.98 %) bore higher errors for FCH and AGB, respectively. A significant 

variation of relationship (R2=0.71; P<0.05) was observed between ground-based height and UAV canopy height. 

Nevertheless, the variation of the relationship strongly increased by 10% to R2=0.81 when two plots highly affected 

by the wind speed were excluded from the analysis. Similarly, a significant variation of relationship (R2=0.81; 

P<0.05) was registered between the ground-based and UAV-based AGB. Correspondingly, a very strong variation 

of relationship (R2= 0.95; an increase by 14%) was yielded when the two plots highly affected by wind speed were 

excluded from the analysis. These findings imply that seasonal leaf-fall, slope and wind speed significantly 

influence the accuracy of FCH and AGB estimations in Miombo Woodlands. Hence, for accurate results, it is a pre-

requisite to consider leaf-phenology, topography and wind speed prior to undertaking ground and airborne inventory 

Original Research Article 
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in the Woodlands. 

Keywords: Phenology; UAV; Miombo; AGB; point-cloud; REDD+; Structure-from-Motion (SfM); Canopy 

Height Model (CHM); 3rd Dimension (3D). 
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1. INTRODUCTION 
 

Above ground-biomass (AGB) and forest canopy height 

(FCH) remain indispensable woody parameters to forest 

status and change assessments due to their relationship 

with the carbon cycle and ecosystems services [1-3]. 

However, accurate estimation of the two is mutually 

inclusive to the understanding of carbon (C) fluxes 

within the realms Climate Change mitigation, 

particularly under the ‘Reducing Emissions from 

Deforestation and forest Degradation’ (REDD+) global 

mechanism. Despite a plethora of REDD+ inventory 

studies focusing on AGB and FCH estimations for the 

past decades in Malawi’s Miombo Woodlands and other 

tropical forests, literature, unfortunately reveals 

miniature efforts have been made to investigate how 

estimation of these two variables’ accuracy is affected 

by leaf phenology and seasonality, topography and wind 

speed [2,4,5]. 

 

Research on monitoring the Southern Africa Savannas 

which are dominated by the Miombo Woodlands 

remains a challenge, partly due to a variety of 

uncertainties pertaining to; their fragmented vegetation 

cover, topographic variations, deciduous nature, 

seasonality and the associated anthropogenic activities 

such as fire and harvesting, affecting their spatial 

distribution patterns [6-12]. These attributes render 

categorical maps of limited value in the Savannas, in 

contrast to the Boreal forests which are characterised by 

well-defined patterns of overstory trees and understory 

vegetation strata expanding over given stands [10,13]. 

Besides, 

the Boreal’s ever-green status positively corresponds to 

their wetter conditions [13]. 

While the seasonal leaf-behaviour dynamics of Miombo 

is characterised by the distinct exhibition of being 

deciduous i.e., leaf-fall (foliage shed) during dry season 

and leaf-on morphological changes during rainy seasons 

(Fig. 1), the former starkly poses a challenge to their 

monitoring using remote sensing [8], [11]. 

A key remote sensing study on Miombo cover observed 

that the woodland is influenced by seasonal changes 

(i.e., leaf-on leaf-off) that consequently affect spectral 

reflectance patterns which vary according to water 

availability during the short rainy season (November to 

March) and long dry season (April to October) [8], [11]. 

These consequently render difficulties interpreting 

woody cover such as biomass [11]. On the other hand, 

fire occurrence in these African Savannas has been 

estimated to account for 22% of biomass burned 

globally, with a higher frequency registered in Malawi 

during the hot-dry season [14,15]. In these woodlands, 

fire is induced by the presence of leaf litter in dry season. 

This has been singled out as an anthropogenic factor that 

poses a challenge to mapping of the ecosystem due to its 

significant contribution to the spatial heterogeneity (e.g., 

tree density and size) which results to uncertainties in 

canopy cover and structure estimation [11]. This 

predicament forms part of the motivation for this study, 

thus to attempt to establish in detail the effect of the 

interplay of the leaf-phenology and seasonality with 

regards to AGB and FCH estimation accuracy in the 

Miombo Woodlands of Malawi. 

 

 
 

Fig. 1. Miombo phenology and seasonality affecting AGB in Ntchisi Forest Reserve 2019: Left- transition 

from leaf-on to leaf-fall towards the end of post rainy season, Right- leaf-fall induced by the peak of dry 

season in October 
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Due to various topographic forms that Malawi’s 

Miombo Woodlands portray, slope adjustment, 

especially in the steep terrain (slope > 10°) distances to 

the subplots are required during ground-based forest 

inventories [16-18]. In this regard, tables of pre-

calculated radii and slope degrees/percent for random 

plot allocation are provided to ensure accurate 

representation while saving inventory time [17], [18]. In 

spite of these efforts, there has not been any deliberate 

attempt in Malawi’s forest studies to statistically 

correlate the degree of slope aspect with the accuracy it 

reflects in estimating AGB and FCH, at least to the 

authors’ knowledge, yet the two are the common outputs 

of an inventory. 

 

Domingo et al. [5], attempted to model the effect of 

slope on biomass and their findings revealed that steeper 

slopes, especially of >35% affect biomass predictions, 

though with a small magnitude. However, the 

simulation was based on 468ha only of Miombo 

Woodlands (Muyobe Forest), which statistically might 

not have been robust enough from which to draw 

generalised conclusions, compared to 9,720ha, an area 

for this incumbent Ntchisi Forest study. 

 

Besides, the degree of slope variation in Muyobe Forest 

is relatively homogenous (contained within 1169–

1413m above sea level) in contrast to Ntchisi whose 

terrain ranges from 600-1702m with 5-74% slope range 

(Table 1) [5], [17]. Ntchisi Forest is renowned for its 

cliffs, escarpments, rolling hills and undulating slopes. 

More striking is the fact that the Muyobe’s study model 

did not attempt to systematically correlate slope 

percentage with AGB variation, let alone FCH, i.e., how 

much slope % leads to an underestimate or overestimate 

of a given amount of AGB and/or canopy height in 

Miombo Woodlands. Yet, most of the Malawi’s 

Miombo REDD+ sites stretch over hilly and 

mountainous areas where escarpments, steep slopes are 

common [19]. Furthermore, the Muyobe study used a 

fixed- wing UAV which is renowned for relatively better 

flight endurance and wind resistance. Nonetheless, in 

order to acquire an in-depth understanding of the wind 

effect, it was inclining for this study to employ a multi-

rotor craft which is associated with relatively different 

flight endurance, stability and more importantly, wind 

resistance. 

 

Currently, Malawi relies on terrestrial forest inventories 

for monitoring AGB and C fluxes though records on 

forest airborne data acquisition trace back to the colonial 

era [18], [20]. Arguably, uncollated airborne 

observations covering forest surveys conducted in 

Malawi could be stored elsewhere, but, the available 

literature shows (as of 2012) that the 

only consistent and retrievable datasets comprising of 

1955 analogue aerial photo-films are archived at the 

Surveys Department [21]. Acquired in greyscale (black 

and white) by manned drones, the photos (1742 in 

number) contain 35 rolls of analogue images covering 

forest reserves across the country. They were processed 

using stereoscopic geometry to derive height, a third 

dimension (3D) to the xy-Cartesian plane. Height (ht.) 

parameter was factored-in to provide key forest 

information such as stock density and volume. Even to 

date, biomass assessments are regarded more accurate if 

height is included in their estimations or allometric 

equations [22]. Nevertheless, the stereoscopic 

technology has currently revolved to the Structure-from-

Motion (SfM) photogrammetry technique whereby 

sensors aboard a craft i.e. Unmanned Aerial vehicles 

(UAVs) acquire ortho-photos that are processed to 

render 3D information through digital modelling. 

 

The SfM technique entails algorithmic generation and 

resolution of a 3D structure from a series of overlapping 

offset-images (with corresponding feature points) 

captured from a camera sensor that is formed to a scene 

(Fig. 2) [23]. The processed outputs include; the Digital 

Surface Model (DSM), and the Digital Terrain/Elevation 

Model (DT/EM) out of which a Canopy Height Model 

(CHM) is retrieved to estimate ht. in forests. The SfM 

has been explained in details under image processing 

sub-section of this paper. Integration of ground-based 

tree metrics and imagery acquired by SfM from UAVs 

has been recommended for the enhancement of biomass 

and C estimates accuracy, besides being comparatively 

cost- effective while covering large expanses 

simultaneously, thus, under the REDD+ global 

mechanism [24-27]. Hence, the technique further 

provides an edge to the Least Developed Countries 

(LDCs) or non-Annex 1 countries plying REDD+, i.e. 

Malawi, where finances pose a great constraint, yet they 

must provide robust estimates to meet the Measuring 

Reporting and Verification standard [28], [29] 

 

During data acquisition, flight safety, stability and 

efficiency for UAVs, particularly in hilly and 

mountainous terrain beyond visual line of sights 

(BVLOS) are of paramount importance [30,31]. These 

may be compromised by wind and turbulence, 

consequently affecting the quality of data acquired by 

the sensor aboard the imaging craft (ibid). Since 

employment of UAV in conducting forest surveys is 

relatively novel, though it is increasing sharply in 

Malawi [5], [26], it was therefore of particular interest 

for this study to examine the effect of wind 

speed/turbulence in the mountainous terrain of Miombo 

Woodland of Ntchisi Forest. This is a 
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knowledge gap in as far as the Miombo Woodlands of 

Malawi are concerned, at least to the knowledge of the 

authors. 

 
 

Although a number of studies have published on 

Miombo AGB and ecology of Malawi ([5], [18], [26], 

[32–35], they do not usually report in detail at forest 

level, i.e. the values (extent) that leaf-phenology and 

seasonality, slope and wind speed contribute to the 

estimation of AGB and FCH accuracy. Worse-still, they 

have not been succinctly modelled the aforesaid bio-

physical factors on the woody cover, even though such 

data are pivotal to in-depth understanding of the C 

balances under climate change mitigation in Malawi. It 

is against this background that this study objectively 

examined the extent with which the estimation of AGB 

and FCH accuracy gets affected by: (i) tree leaf 

phenology (leaf-off and leaf-on conditions) in relation to 

season of the year; (ii) topography (terrain slope); and 

(iii) wind speed/turbulence experienced during the UAV 

flight missions. 

 

2. MATERIALS AND METHODS 
 

2.1 Study Site 
 

The study site was Ntchisi Forest, a Malawi’s Miombo 

Woodland declared as protected area in 1924. It is 

located in the central district named Ntchisi (Lat.,-

13.3205 E and Long., 34.0419 S). 

Positioned at ~96km to the north-west of Lilongwe, 

Malawi’s capital (Fig. 3) the reserve covers 9,720ha. The 

forest stretches on undulating mountainous terrain with 

a peak of 1702m and altitudinal range of 600-1675m 

above sea level (asl) registered from ground plots. 

Ntchisi Forest has a mix of gentle and extreme slopes 

that range from 5-74% (Table 1). It is a tourism 

attraction feature, especially to internationals who love 

picnic, cycling, hiking and scene viewing. 

 

The site experiences a humid subtropical climate 

typified by alternating dry-winter and hot-summer 

seasons, and annual temperature and rainfall ranges of 

19-250C and 1200-400mm, respectively [36]. Soils 

within the forest are classified by a mixture of poor sand 

and blackish-loam localised inside the Brachystegia and 

Montane dominated portions of the reserve, 

respectively. The reserve, whose eastern (windward) 

side is ~25km away from Lake Malawi, is not spared 

from the effects of the South-easterly winds, locally 

known as ‘Mwera’ that blow across the lake. The winds 

are known for their strong blowing effect that potentially 

damage vegetation and property, especially, fishing 

boats on the lake [37], [38]. The forest serves as a pilot 

study area for the Malawi REDD+ Programme [17], 

[18]. Nonetheless, forest fires and illegal wood 

harvesting (in form firewood, poles, charcoal and 

timber) have since 2007 been reported as some of the 

threats that may contribute to reduction of the woody 

component [36], [39], [40]. 

 

 
 

Fig. 2. Left-UAV (DJI-Phantom-4 Pro+ quadcopter) with camera sensor mounted on a gimbal, set at nadir 

angle of acquisition, vertically taking-off to Msankhire plot (P3) flight mission in Ntchisi Mountain Forest; 

Right-Structure from Motion (SfM) Photogrammetry technique 
Source: (i) UAV picture- taken by principal author during the 2019- Ntchisi Forest Inventory 

(ii) SfM picture- Lecture-Introduction to Structure-from-Motion by Edwin Nissen -2021 
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Fig. 3. Miombo Woodland spatial distribution-(Left), Map of Malawi (Middle), and Ntchisi Forest 

Reserve showing 50ha UAV plot boxes (red squares) and 20m radius plots (white circles)-(Right) 

 

Table 1. Ntchisi Forest Plot location and elevation attributes 

 

UAV 
plot 

Ground 

Plot 

UTM 
Easting 

UTM 
Northing 

Elevation 

(m) 

Slope 
% 

Slope Condition 

1 Mndinda 0618875 8533606 681 12 Steep 

2 Kajaliza 0618355 8532624 669 10 Steep 

3 Msankhire 0614781 8532317 832 19 Very Steep 

4 Mkomba 0616651 8531612 713 11 Steep 

5 Chenche 0615166 8529363 716 10 Steep 

6 Mandwe 0610894 8528310 1079 18 Steep 

7 Chanika 0614888 8527699 847 36 Extremely steep 

8 Chifwelekete 0609963 8524839 1206 74 Dangerously steep 

9 Kasakula 0616733 8524713 764 5 Relatively flat 

10 Mnguluwe 0608108 8524124 1212 37 Extremely steep 

11 Sambakunsi 0608106 8522106 1498 32 Extremely steep 

12 Mpamila 0610161 8520969 1344 48 Extremely steep 

13 Nyanga 0607984 8520324 1332 12 Steep 
 

2.2 Data Collection 

Data for the study were two-fold, namely: (i) ground- 

based measurements of individual tree parameters, and 

(ii) digital airborne imagery data acquired by UAV in the 

visible (optical) window of the Red, Green and Blue 

(RGB) spectral bands of the Electromagnetic Spectrum 

(EMS). 

2.2.1 Ground reference data 

2.2.1.1 Sampling design and collection of ground- 

based measurements 
 

Ground-based measurements were conducted from 17-

21September 2019. Key variables and parameters 

measured include; 

(i) individual tree diameter at breast height (dbh), 

(ii) total tree height (ht) 

(iii) crown diameter (max. and min.) 

(iv) tree botanical names, 

(v) trees xy coordinates, 

(vi) plot centre xy coordinates (centroids), 

(vii) bearing (in degrees) of each tree from the 

centre and, 

(viii) horizontal distance of each tree from the 

centre. 

 

Sampling design inherited permanent sample plots 

(PSPs) that were established following a multi-stage 

sampling approach which integrated stratified and 

random sampling techniques during the 2016 Malawi 

REDD+ site-based inventory. The stratified sampling 
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phase incorporated forest management units that were 

demarcated to cover forest management blocks that each 

of the 13 surrounding villages holds as management 

stake, thus, under co-management arrangement with the 

Department of Forestry [17], [40]. This was followed by 

a systematic random sampling phase whereby sampling 

unit plots were computed at a minimum spacing of 

90meter square grids (network) encompassing the 

reserve. The network generated a minimum of 13 

randomly sampled points that became plot centroids of 

20metre radius circles (0.1ha) (Fig.4), sufficient to attain 

a Confidence Interval (CI) of 95%, with a precision error 

of 10% [17], [41]. 

 

At each sample plot, a four fixed concentric circular plot 

design bearing 2m, 6m, 12m and 20m radius each, 

respectively, was inventoried (Fig.4). For each tree 

measured, its code was documented using a species list 

catalogue provided by the Forestry Research Institute of 

Malawi (FRIM). The species were later deciphered to 

their full botanic names prior to transferring the records 

into Microsoft Excel data sheets for statistical 

computing and graphics. These were later uploaded into 

GenStat 18.1(Windows) for further modelling and 

analysis. 

 

2.3 UAV Imagery Acquisition 
 

Digital airborne RGB imagery were acquired using 

UAV in 4 days, thus from 23rd to 25th September and on 

6th October, 2019. The survey flight missions were 

operated on DJI Phantom 4 Pro+ RTK (Real-time 

Kinematic) quadcopter platform carrying a 1” CMOS 

SENSOR (2.52µm-1) with a 20 Megapixel resolution 

(Fig.1).The UAV, a 2016 release, was manufactured 

by the Shenzhen DJI Sciences and Technologies Ltd, in 

Shenzhen City of Guangdong Province in China. The 

flights were programmed on a tablet using Map Inner 

(v3) software. 

 

The sensor has 5472x3078 pixels fitted to a 3-axis 

stabilized gimbal to maintain nadir angled imagery (Fig. 

1). It has an autofocus feature that enabled it to capture 

still JPEG scenes at 3-7cm pixel sensor resolution 

(Ground Sampling Distance). The sensor is embedded 

with a mechanical shutter which control light intensity 

besides removing the detrimental ‘jello’ effect, an 

attribute that ensures generation of professional images 

with absolutely low noise. In contrast to the fixed wing, 

the multirotor craft was preferred for easy vertical take-

off/landing (VTOL) in the rough mountainous terrain of 

Ntchisi Forest (Fig. 1). 

 

Imagery acquisition involved 13 flight missions of 

~50ha square boxes (0.71km x0.71km) following the 

13 randomly distributed terrestrial plots. The sampling 

inherited the multi-stage sampling approach (stratified 

and random techniques) employed during the ground 

reference collection data as explained in 

2.2.1. This ensured that the UAV square boxes overlaid 

the terrestrial plot centroids in order to enhance geo-

spatial referencing (Fig.3-Right), thus following [42]. 

Hence, at each ground plot centroid, ground control 

points (GCPs) were placed and their respective 

waypoints marked using handheld GPS sets (Garmin 

GPSMap 64x). The imagery were acquired in WGS84 

(EPSG:4326) projection, at a flying altitudinal range of 

120-150m above-ground- level (AGL). Detailed key 

flight settings have been depicted in (Table 3). 

 

 
 

Fig. 4. Concentric ground plot design 
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Table 2. Plot dimensions and threshold for ground-based measurements 

 

DIMENSION 

Subplot Radius (m) Area (ha) dbh Threshold (cm) 

Regeneration 2 0.001 <5 

Small 6 0.011 5-14.9 

Medium 12 0.045 15-29.9 

Large 20 0.126 ≥30 
 

However, due to high costs that shot beyond the budget 

ceiling for this study, hiring of a Differential GPS/GNSS 

that would have been used to set a base station for 

enhancing global/absolute accuracy, was not possible. 

While this typifies the funding constraints of the non-

Annex-I REDD+ countries under which the study site 

falls, the positional error (incurred by not setting of the 

reference point) was offset by the consistent setting of 

the GCPs as reference points. As aforementioned, this 

was achieved by deliberately overlaying the GCPs on the 

ground plot centroids xy coordinates (validated during 

both the 2016 and this incumbent study’s) which were 

used as marks during the SfM as well as in delineating 

the 20m buffer for the circular plots (Fig. 6). 

 

2.4 Plot-based AGB Computations 
 

Using a threshold of dbh ≥5cm, 216 individual trees 

(observations) were measured from the entire 13 PSPs, 

i.e. n=216 and used for AGB calculations. Prior to the 

calculations, a scaling factor (SF) was applied to scale 

up dimension (area) values for each subplot and convey 

estimates of C stock on a hectare basis. The step 

involved conversion of the subplot area unit 

measurements in squared meters (m2) to a per hectare 

basis (1ha) as follows; 

SF= 10,000/NA, 

 

Where; 

SF = Scaling Factor to convert per hectare basis 

(dimensionless) 

10,000 = number of squared meters (m2) in one 

hectare 

NA= horizontal projected area of nested plot (in m2) 

 

Computation of AGB employed an allometry that was 

specifically developed for Malawi’s Miombo trees, 

published by (Kachamba et al., 2016) as indicated in 

equation (1); 

 

                                              
 
Where; 

 

AGB = above-ground biomass in kilograms of dry 

matter (kg.d m.) 

dbh = diameter at breast height in centimetres (cm) 

(vertical height of 1.3m) 

ht = total tree height in metres (m) 

 

A carbon fraction of 0.47 for all the individual Miombo 

tree species was used to calculate C from kilograms of 

dry matter (kg.d.m.), otherwise referred to as biomass 

(USAID PERFORM, 2017). 

 

2.5 Airborne Data-Image processing 
 

UAV imagery were processed using the generic SfM 

photogrammetry technique in Agisoft Metashape 

Professional 1.4 (Table 4) as follows. The first step 

involves alignment of photos whereby the software 

algorithmically searches for common points on 

photographs and matches them. This is followed by 

finding positions of the camera for each picture (Fig.1) 

and refining camera calibration parameters. Building of 

point-cloud comes second and it entails generation of 

data points that have matched. For this particular study, 

the point-clouds were classified into ground and 

vegetation feature classes. This was due to the fact that 

the prime interest was to separate the height of the tree 

vegetation (canopy height) from the ground level layer. 

The subsequent phase ensured exportation of the point-

clouds to yield bare earth ground level input referred to 

as Digital Terrain Model (DTM) which is a product of 

Digital Elevation Model (DEM). Using the exported 

material, a surface mesh called Digital Surface Model 

(DSM), is generated in a process otherwise termed as 

mesh building. The fourth stage involves generation of 

orthomosaics which basically cascades the merging of 

geometrically rectified (aligned) photos into a large 

composition structure representing a 3D scene. The 

orthomosaics for each plot box were projected to 

WGS84 (EPSG::4326) global reference system. Relative 

absolute height values of the resulting dense point-

clouds were normalised using the DTM obtained from 

the ortho-photos. Optical RGB spectral band 

information was used to generate 3D outputs in JPEG 

format. As a final step, the 3D outputs (orthomosaics, 

DSM, DTM and CHM) were converted into Tiff format 

for further analysis and interpretation (Fig. 5). The key 

steps and parameters set during the SfM 

photogrammetry image processing technique are 

depicted in Table 4. 
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Table 3. Key flight mission settings 

 

UAV Make Sensor Type GSD Flights 

Day_1 

Images 

plot_1 

(mean) 

Flight 

Endurance 

(min) 

Flight 

Altitude 

AGL (m) 

Wind Speed 

Resistance 

(m.s_1) 

On-board 

GPS 
Accuracy (m) 

Front and End 

Overlaps 

DJI-Phantom-4 

Pro+ Quadcopter 

1” 20- 

Megapixel 

CMOS 

3-7cm 2-3 338 20 120-150 20 

Knots 

5-6 83% (front) 

84% (end) 

 With 

mechanical 
Shutter 

Terrain 

dependent 

Access & 

weather 
dependent 

 Weather 

dependent 

Terrain 

dependent 
Max. RTK Terrain 

dependent 
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Fig. 5. Outputs of SfM Photommetry-P13 (L-R); RGB Orthomosaics, DSM, DTM and CHM (in 

greyscale) from 50ha UAV plots acquired with 3-7cm pixel resolution 

Table 4. SfM Photogrammetry main steps and parameter settings 
 

Task Parameter 

Align Photos Accuracy: High 
Projection Type: Geographic WGS84 (EPSG::4326) Pair selection: 

Generic Preselection 

Reference preselection: Source Key Points 

Limit: 40,000 
Tie points:4,000 

Build Dense Quality: High 
Depth Filtering: Moderate 

Build Mesh Source Detail: Dense cloud Surface Type: 

Arbitrary (3D) Quality face count: High 

Interpolation: Enabled 
Select Point Classes: 

Build DEM Source data: Dense cloud Interpolation: 

Enabled Surface Type: Arbitrary (3D) 

Quality face count: High Select Point 

classes: Ground 

Build Orthomosaic Surface: DEM 
Blending Mode: Mosaic 
                          Hole filling: Enabled  

 

2.6 Canopy Height Model (CHM) Generation 

and Value Extraction 

Application of an algorithm for each plot’s 3D point- 

cloud data was set to conduct a geographic analysis in 

order to filter DTM from corresponding DSM mesh in 

ArcMap (10.8.1) software. Using the Map-Algebra 

function under Spatial Analysis Tool, each DTM was 

mathematically subtracted from a DSM using an 

Algebraic Boolean expression in the Raster Calculator. 

This yielded a preliminary CHM with values of 

vegetation mix growing on the ground i.e. grass, shrubs, 

herbs and trees, referred to as ‘difference map’ in this 

study. Since the minimum height of all the trees 

measured during ground- measurement was 2m, this was 

set as a threshold condition (i.e. >=2) in the Raster 

Calculator for filtering the preliminary CHM from lower 

vegetation. 

 

Extraction of values from the CHM of 50ha UAV plot 

boxes to 20m radius plot size involved several 

steps as follows. The initial task was visual inspection of 

correct xy geo-locations (coinciding) of the point clouds 

in CHM and tree locations in the ground-based plots and 

in the RGB orthomosaics. This was done by overlaying 

all the three layers while using the GCPs as reference 

points for geo-rectification. A relative accuracy of ±3m 

was observed throughout. A buffer of 20m radius was 

created using the GCP/ground plot centroid waypoints 

and each plot’s layer values were extracted using the 

‘Extract by Mask’ function under the Spatial Analyst 

Tools in ArcMap. The values extracted from the CHM 

were later used for predicting forest biomass and C 

stocks for the reserve (Fig.6). 

 

2.7 Statistical Data Analysis 
 

Data on deviation percentage between ground-based 

field height and UAV canopy height as well as deviation 

percentage between ground-based field AGB and UAV 

estimated AGB were tested for 
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normality and homogeneity using Kolmogorov- 

Smirnov D and normal probability plot tests. In a few 

marginal cases, graphic residual analysis was also 

performed; however, no data transformation was 

deemed necessary. The data sets were then subjected to 

analysis of variance (ANOVA). Variance components 

for the sources of variation were also estimated. 

Statistical analysis was performed using GenStat 18.1 

for Windows. Differences between treatment means 

were separated using Fischer’s least significant 

difference (LSD) at the 0.05 level. Graphs were plotted 

using Microsoft Excel 16. Spearman’s rank coefficient 

of determination (R2) was computed to determine the 

variation explained by the relationship between ground-

based height and UAV canopy height as well as between 

ground-based AGB and UAV estimated AGB. 

 

The data sets were analysed using equation (2): 

 
                                                   

                        

 
where: is the response variable (deviation percentage) 

of ijklth observation; is the overall mean; is the fixed 

effect of slope %;  is the fixed effect of wind speed; is 

the fixed effect of leaf phenology;   is the effect of the 

interaction between slope and wind speed;    is the 

effect of the interaction between slope and leaf 

phenology; 

      is the effect of the interaction between wind 

speed and leaf phenology;      is the effect of the 

interaction among slope, wind speed and leaf phenology; 

and   is the random error term. 

 

All the interactions between parameters, except the 

interaction between slope and leaf phenology, were 

removed from the analysis because their contribution 

to the total variance was negligible. Furthermore, the 

variance component for these terms could not be 

estimated and/or was otherwise insignificant. Equation 

(2) was therefore reduced to equation (3): 

 

                                                     
 
Slope % was categorised into three classes: ≤10%; 11-

15%; and finally, >15%. On the other hand, wind speed 

was categorised into two classes: <5 m.s-1, and 

≥5 m.s-1 while, leaf phenology was categorised into two: 

leaf-on, and leaf-off conditions. 

 

3. RESULTS AND DISCUSSION 

 

3.1 Effect of Leaf Phenology, Topography and 

Wind speed on FCH Estimation Using 

UAV Data 

 
Summary of the results on the effect of leaf phenology, 

topography and wind speed on forest canopy height 

estimation using Optical UAV data are presented in 

Tables 5 and 6 as well as in Fig. 7. The results indicate 

that leaf phenology, topography and wind speed 

significantly (P<0.05) affected forest canopy height 

(CHM) estimation using Optical UAV data. However, 

wind speed contributed the highest (53.95%) to the total 

variation. 

 

Wind speed of ≥5 m.s-1 had the highest (- 666.90±27.62) 

deviation percentage, while the leaf- off condition had a 

deviation percentage of - 188.45±25.62%. On the other 

hand, an increase in slope % resulted into a 

corresponding increase in deviation %. Hence slope of 

>15% had the highest (- 114.53±2.92%) deviation 

percentage compared to the slope of 11-15% (-

5.13±0.38%) and ≤10% (- 2.83±0.36%). 

 

 
 

 

Fig. 6: Greyscale CHM Point Clouds for P9 (left) and P11 (right) 20m radius plots at ≥2m threshold. 

White colour denotes canopy cover while black denotes low or no canopy cover 
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Results on individual plots indicate that P11 

(Sambakunsi) and P3 (Msankhire) had higher deviation 

of -1680.00% and -243.18%, respectively. The 

uncertainty on P3 canopy height estimation was 

attributed to the sharp rise of wind speed (south- easterly 

wind) that was registered during the flight mission 

covering the plot. Precisely, the back and head wind 

speed of the UAV sharply peaked from an average 

maximum of 10.4 m.s-1 to 13.1 m.s-1, rendering some 

degree of mobility to the tree crowns forming the canopy 

of the height. This resulted to a shift in the xy positions 

and maximum and lower limits of the crown as detected 

by RGB camera sensor aboard the UAV. The 

repercussions were that the shift affected the 

combinations of pixel values of features in the overlap 

images which would have become tie-points during 

SfM photogrammetric process as noted by [23], [43], 

[44]. As a result, the error was transferred to the CHM  

point-clouds  and  reflected  in  the CHM extracted 

values and contributed to higher deviations. 

Furthermore, the higher deviation on P11 was attributed 

to the effect of the terrain which is extremely steep (32% 

slope, Table 1) and affected the determination of the 

ground level (DEM) during the SfM photogrammetric 

process. Fayad et al. [45], observed that the accuracy of 

a DEM in a forest is dependent on the topographic slope. 

In their study, they observed that for dominant height, an 

RMSE increase of 14% was observed from data acquired 

over slopes higher than 20%, in comparison to slopes 

between 10 and 20%. Hence, this is equally true for P11 

which sits an extremely steep slope, a topographic 

condition that led to the higher deviation on the 

measured forest canopy height variable. The same 

applies to P3 which is characterised by a steep slope of 

19%. 

Further analysis portrayed a significant variation of 

relationship (R2=0.71; P<0.05) between UAV canopy 

height and ground-based field height when all the 13 

plots were included in the analysis (Fig. 7a). Exclusion 

of P11 and P3 which had higher deviation percentage, 

resulted in an increase in the relationship, thus, by 10% 

translating to R2 =0.81 (Fig. 7b). 

3.2 Effect of Leaf Phenology, Topography and 

Wind speed on AGB Estimation Using 

UAV Data 

The AGB for ground-based and UVA data on average 

were 93.91±12.60 t/ha and 81.08±14.28 t/ha, 

respectively and the mean deviation was - 18.87±8.33% 

(Table 7). Slope, leaf phenology, and wind speed 

significantly (P<0.05) affected the estimation of AGB 

using Optical UAV data. Wind speed contributed the 

highest variation (55.52%) to the total variation, 

followed by slope % (29.72%) (Table 8). 
 

Wind speed of ≥5 m.s-1 had the highest deviation 

percentage (-64.78±8.47%), while leaf-off had a 

deviation percentage of -27.80±7.98 %. On the other 

hand, an increase in slope % resulted to an increased 

deviation %. Therefore, the slope of >15% yielded the 

highest deviation percentage (-17.07±2.31%) compared 

to the slope of 11-15% (-3.13±1.86%) and 

≤10% (-0.83±0.42%). 
 

The present findings support previous research 

highlights documented on Miombo Woodlands. 

Domingo et al. [5], observed that effect of wind speed 

and slope on biomass, especially for wind speed (≥5 m.s-

1) and steeper slopes (>35%) affects biomass 

predictions. These results imply that wind speed of ≥5 

m.s-1is not reliable for UAV estimation of AGB. 
 

Table 5. Influence of leaf phenology, topography and wind speed on FCH Estimation using UAV data 

 

Category Ground-Based Height (m) UVA Canopy Height (m) Deviation (%) 

Slope (%)    

≤10 18.46±3.11 17.62±2.79 -2.83±0.36b 

11 – 15 16.77±3.10 16.67±2.78 -5.13±0.38b 

>15 16.06±2.31 13.43±2.07 -114.53±2.92a 

Wind speed (m/s) 

<5 17.29±1.70 16.34±1.53 -6.90±0.56b 

≥5 11.97±3.09 3.87±2.78 -666.90±27.62a 

Leaf Phenology    

Leaf-on 17.02±1.90 16.71±1.71 -2.83±0.67b 

Leaf-off 16.58±2.92 12.15±2.62 -188.45±25.62a 

Mean 16.05±1.33 13.57±1.89 -158.46±28.18 

Mean values are followed by standard errors; Deviation (%) means with different superscript within a column in the same 

category significantly differ (P<0.05) 
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Table 6. Variance components for deviation (%) between ground-field height and UAV canopy height 

 

Source of Variation df  Deviation  
  P-value Var % 

Slope (S) 2 0.011 22.93 

Wind speed (W) 1 0.002 53.95 

Leaf phenology (L) 1 0.023 14.41 

S x L 1 0.898 0.03 

R/S/W/L 7  8.68 

Note: df is degrees of freedom, Var % is variance percentage. 

 

 

Fig. 7. Scatter plots of UAV canopy height vs ground-based canopy height for (a) inclusion of all 13 plots, 

and (b) exclusion of P11 and P3 which had higher deviation percentage 

Table 7. Influence of leaf Phenology, topography and wind speed on AGB estimation using UAV data 
 

Category Ground-Based Field AGB (t/ha) UVA AGB (t/ha) Deviation (%) 

Slope (%)    

≤10 89.20±3.15 88.44±6.79 -0.83±0.42b 

11 – 15 118.70±3.19 116.08±6.80 -3.13±1.86b 

>15 94.30±2.36 80.46±9.87 -17.07±2.31a 

Wind speed (m/s) 
<5 102.12±6.48 97.72±4.65 -4.55±2.65b 

≥5 65.66±9.97 22.11±6.63 -64.78±8.47a 

Leaf Phenology    

Leaf-on 102.69±1.90 101.34±6.36 -1.57±0.89b 

Leaf-off 91.23±8.28 68.63±5.13 -27.80±7.98a 

Mean 93.91±12.60 81.08±14.28 -18.87±8.33 

Mean values are followed by standard errors; Deviation (%) means with different superscript within a column in the same 

category significantly differ (P<0.05) 
 

Table 8. Variance components for deviation (%) between ground-field AGB and UAV AGB 

 

Source of Variation df  Deviation  
  P-value Var % 

Slope (S) 2 0.018 29.72 

Wind speed (W) 1 0.001 55.52 

Leaf phenology (L) 1 0.043 5.40 

S x L 1 0.858 0.07 

R/S/W/L 7  9.29 

Note: df is degree of freedom, var % is variance percentage 
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Fig. 8. Scatter plots of UAV AGB vs ground-based AGB for (a) inclusion of all 13 plots, and (b) exclusion of 

P11 and P3 which had higher deviation percentage 
 

Further analysis conducted by this study indicates a 

significant variation of relationship (R2=0.81; P<0.05) 

between UAV based AGB and ground-based AGB when 

all the 13 plots were included in the analysis (Fig. 8a). 

Omission of P11 and P3s which had higher deviations 

percentage, and resulted in the increase of the variation 

of the relationship, thus by 14% to R2=0.95 (Fig. 8b). 

This suggests that careful analysis of the topographic 

attributes, wind speed, and tree leaf phenology has to be 

considered prior to undertaking terrestrial and airborne 

surveys in Miombo Woodlands thus for accurate results. 

 

4. CONCLUSION 

 
The study examined the effect of tree leaf phenology, 

topography and wind speed on estimating forest canopy 

height (FCH) and above-ground biomass (AGB) using 

optical drone data in Miombo Woodlands of Malawi. 

The results revealed that leaf phenology, topography, as 

well as wind speed significantly affected estimation of 

two variables. Wind speed contributed the highest to the 

total variation followed by topography. Precisely, wind 

speed of ≥5 m.s-1, topography of greater than 15% slope, 

and leaf-off condition yielded higher errors. A 

significant variation of relationship (R2=0.71) was 

observed between the ground-based height and UAV 

canopy height model. However, the variation of the 

relationship increased by 10% when two plots affected 

by wind speed were excluded from the analysis. 

Similarly, there was a significant variation of 

relationship (R2=0.81) between ground-based and 

airborne based AGB. Likewise, the variation of the 

relationship increased by 14% when two plots affected 

by wind speed were excluded from the analysis. 

Therefore, for accurate results, this study 

recommends a careful analysis of the biophysical 

factors, particularly, tree leaf phenology, topography 

and wind speed, inter alia, prior to undertaking 

terrestrial and airborne surveys in Miombo Woodlands. 

It further encourages research on how other 

environmental factors such as fire and cloud cover affect 

accuracy of the woody components estimation in the 

Miombo Woodlands. 
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ABSTRACT 

 
This study assessed forest inventory methods and standard operating procedures (SOPs) for estimating above- 

ground biomass (AGB) and carbon, as employed in the key REDD+ Miombo Forest Reserves of Malawi. Analysis 

of Variance statistical technique was applied to investigate the following methods and SOPs: (i) allometry, (ii) 

sample plot configuration, and (iii) dendrometric measurements. Results indicate that the allometric equations 

parameter significantly (P<0.001) affected the AGB estimations and was the highest contributor (97.95%) of the 

total variation. Malawi’s specific allometry provided the highest AGB estimate (113.08±1.56 t/ha). In contrast, the 

Pan-Tropical/generalized allometric models substantially underestimated AGB within the range of 16.7-67.9%. 

Furthermore, the findings demonstrate that the use of varied sampling plot sizes significantly (P<0.001) affected 

the estimates of AGB. However, the plot size parameter contributed only 1.65% to the total variation. The 20m 

radius plot size registered the highest AGB (75.31±0.77 t/ha) compared to the 17.84m radius plot (66.12±1.61 t/ha). 

This signifies that the plot size of 17.84m radius underestimated the AGB by 12.2%. However, results on 

dendrometric measurements showed no significant (P>0.05) differences in the AGB estimates between the use of 

diameter tape (D-tape) and calliper in measuring dbh of individual trees despite the former yielding higher estimates 

of AGB (74.65±0.93 t/ha) than the latter (72.53±0.98 t/ha). This demonstrates that the use of calliper in measuring 

dbh underestimated AGB t/ha by only 2.8% compared to the use of D-tape. Therefore, the study recommends; 

employment of local allometry, adoption of a circular sampling design of 20m radius, and consistent use of D-tape 

in measuring dbh for AGB in Malawi’s Miombo Woodlands. In conclusion, incorporation of these changes is 

envisaged to facilitate quick realisation of Malawi’s REDD+ carbon payments, smooth running of the National 

Forest Inventory system, robust implementation and global recognition of the REDD+ efforts. 

 

Keywords: Miombo; REDD+; above ground biomass; standard operating procedures; sampling design; 

allometry; D-tape; calliper. 
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1. INTRODUCTION 

 
Acquisition of consistent and accurate forest biomass 

and carbon estimates that are accorded through the 

measurement, reporting and verification (MRV) 

etiquette remains a significant challenge for successful 

implementation of the global mechanism on reducing 

emissions from deforestation and forest degradation 

(REDD+). Malawi, a non-Annex 1 Party, submits 

primarily, but, not exclusively, her Greenhouse gas 

(GHG) estimates to the United Nations Framework 

Convention on Climate Change (UNFCCC) as part of 

efforts on climate change mitigation [1–3]. The country 

relies on ground-based forest inventory as its MRV 

system for monitoring and collecting data pertaining to 

above-ground biomass (AGB) and carbon (C) [4,5]. 

 

Nevertheless, significant inaccuracies and 

inconsistencies pertaining to methods and Standard 

Operating Procedures (SOPs) have been observed in 

forest inventories conducted over the past three decades 

in Malawi [4,6,7]. These include sampling 

strategies/design, sampling plot-unit configuration, stem 

diameter measurements and allometry. Critical about 

these flaws is that they have contributed to the 

generation of forest AGB and C datasets that are 

incomparable, thereby leading to the accreditation of 

Malawi’s REDD+ efforts at a lower tier [4-7]. More 

importantly, this has affected the C financial payments 

standards. A technical report on assessment of Malawi’s 

proposed forest reference level (emissions) which was 

submitted in 2019 as the last requirement prior to 

assessing procedures considered for C payments was not 

passed by the UNFCCC due to issues bordering the 

aforementioned inconsistencies and flaws [8]. These 

genuinely pose a stumbling block to the development of 

Malawi’s National Forestry Inventory (NFI) system 

which is underway. Hence, in the absence of recognising 

and estimating their extent and impact, it is not certain 

how the country can achieve its carbon financial awards 

and better-still sufficiently improve in attaining its goals 

for climate change mitigation in Malawi under the 

global REDD+ initiative. 

Discrepancies and flaws detected in the approaches and 

operating procedures for estimating forest biomass and 

C remain a significant gap to the understanding and 

robust management of REDD+ and NFI particularly in 

the tropical woodlands [9,10]. As REDD+ global 

standards have been laid for comparability and 

repeatability sake, thus to curtail flaws, their 

implementation critically depends on reliable ground-

based MRV protocol of biomass and C storage which 

inversely is reliant on the accuracy involved [11]. The 

standards govern recognition of 

definitions, measuring parameters and C domains that 

embrace terms such as forest, deforestation and forest 

degradation [12,13]. Within such realms, the most 

overarching role of forests with regards to Climate 

Change has been identified as the C sink domain 

entailing majority of above and below- ground 

terrestrial regenerative C stored as biomass [14,15]. 

 

Arguably, this prompted categorisation of forest 

biomass into five main pools constituting; (i) AGB, 

(ii) Below-Ground Biomass (BGB), (iii) Dead Wood 

(DW), (iv) Litter, and (v) Soil Organic Carbon [16,17]. 

The AGB category consists of woody and herbaceous 

biomass of living vegetation above the soil surface that 

includes; stems, stumps, branches, bark, seeds and 

foliage of trees, shrubs, palms, bamboo, vines and other 

living plants (ibid.). Comparatively, AGB constitutes the 

major pool of biomass in tropical forests [18]. Besides, 

AGB is moderately easier to measure often used as the 

basis for estimating other terrestrial C pools including 

BGB. This is why research efforts on biomass 

estimations favour it. In Malawi’s Miombo Woodlands, 

forest biomass assessments for the past years 

deliberately focused only on AGB in contrast to litter 

and/or BGB. This is because the former’s quantity has 

been quite minimal and negligible while the latter is 

practically estimated through destructive sampling 

which is deemed expensive worldwide [4,14,19–21]. 

However, the UNFCCC has highlighted a number of 

serious inconsistencies and flaws pertaining to data, 

methodology and procedures that Malawi follows to 

estimate AGB in its Miombo Woodlands under the 

REDD+ programme [8]. 

 

Notwithstanding ground-based and remote sensing 

methods for estimating forest AGB and C stocks; 

accurate assessment methods and data remain 

indispensable to sound management strategies and 

decision making [9]. The salient challenge in most 

African woodlands, Malawi inclusive, remains lack of 

evaluation of these data collection systems (i.e., 

inadequate capacity to compare the different methods) 

due to the paucity of data besides the various methods 

and procedures [9,22]. This has potentially led to the 

quandary of uncoordinated efforts and sometimes 

acquisition of redundant and contradictory datasets, a 

phenomenon that is no exception to Malawi [22,23]. It is 

against such a background that this study aimed at 

obtaining a deeper insight into the methods and SOPs 

that estimation of AGB in Miombo Woodlands, in the 

light of Malawi’s REDD+ and NFI that are under 

development. 
 

Studies on the REDD+ MRV protocol in relation to the 

IPCC guidelines observed that uncertainties in the 
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estimation of biomass and C stocks in tropical forests 

may emanate from poor stratification or 

representativeness of the sampling network, improper 

sampling design, sampling unit size, wrong allometric 

models and inaccurate measurement of variables, 

i.e., instrument and calibration errors as a result of 

deviating from the standards [24, 25]. 

 
Paradoxically, this is against the backdrop that Malawi 

started piloting REDD+ schemes as early as 2008, 

besides officially embracing the UN REDD+ 

partnership in 2014 [2,5,19]. Ryan et al. [26] observed 

that data on land use change emissions from the African 

Woodlands are generated from unreliable and 

inconsistent sources which have consequently provided 

difficulties in making comparisons or used under global 

REDD+ purposes [27]. 

Under the Forest Carbon Partnership Facility (FCPF) of 

the World Bank, payments for verified emission 

reductions from REDD+ programs are provided to 

countries that register considerable progress [24,28]. By 

August 2019, 18 countries including Mozambique, DRC 

and Ghana, some of which border with Malawi and have 

Miombo woodlands as well, presented emission 

reduction programs to the FCPF [24,28]. However, 

Malawi unfortunately, still lags behind these 

advancements. Worse-still, despite piloting REDD+ 

activities for more than a decade the country operates 

within lower Tiers of 1 and 2, indicative of lesser 

methodological accuracy with regards to the IPCC 

standards [1,3]. If left unchecked, these may jeopardise 

the effectiveness of REDD+ and ultimately the climate 

change mitigation path-way that Malawi has taken. 

In an attempt to illuminate the pertinent challenges 

associated with methods and SOPs in estimating AGB in 

Miombo Woodlands of Malawi, a comprehensive 

review of the forest inventories has been conducted by 

this study covering the past 3 decades by; (i) first 

identifying the challenges, and (ii) analysing their effect 

of their impact with regards to AGB estimation in 

statistical terms. This is a novel initiative applied on 

Malawi’s Miombo woodlands, at least to the knowledge  

of  the  authors.  Some  of  the forest inventories 

and sampling designs employed for the past 3 decades 

in Malawi are presented in Table 1. 

Therefore, the study’s objective was to assess forest 

inventory methods and SOPs engaged in estimating 

AGB in Malawi’s Miombo Woodlands for the past three 

decades (1991-2021). The parameters assessed include: 

(i) allometry for AGB estimation, (ii) sampling  plot  

configuration,  and  (iii) stem

 diameter measurements. The 

hypothesis of the study was that Malawi’s AGB 

estimated in Miombo landscape for the past three 

decades (1991-2021) has registered flaws and 

inconsistencies heterogeneous to their methods and 

SOPs. 

2. MATERIALS AND METHODS 

2.1 Study Area, Meta-Analysis Approach and 

Database 

This study covered the forest inventories conducted in 

the Miombo Woodlands of Malawi. Malawi is a 

Southern tropical country that lies between latitudes 

9°22’ and 17°03’, south of the Equator and longitudes 

33°40’ and 35°55’ east of the Greenwich meridian. The 

country is bordered by Tanzania in the north and north-

east, Mozambique in the south-west, south and the east; 

and Zambia in the west (Fig. 1). It lies in the general 

tropical continental Savanna climate characterised by a 

single rainy season lasting from October to April. This 

alternates with a dry season running from May to 

September. The mean annual rainfall ranges between 

500 mm in low-lying marginal rainfall areas to over 

3,000 mm on high altitude plateaus while 12° to 32°C is 

the mean annual temperature range [3]. The climate is 

greatly influenced by varied altitudinal range (35-3000m 

asl.) plus its proximity to Lake Malawi, a water body 

covering ~two thirds of the country’s length. 

Malawi’s forests cover 23,677 km2 representing 25% of 

the country’s total surface land area, out of which 22,857 

km2 expanses over Miombo landscape. Almost 90% of 

Malawi’s forest area is indigenous vegetation which is 

dominated by the Miombo Woodland [7]. The Miombo 

Forest Ecosystem spreads across the entire 3 regions of 

the country covering a number of protected areas (PAs) 

some of which lie along the country border. The PAs 

include; forest reserves, national parks and wildlife 

reserves which cover almost one million hectares (Fig. 

2). The Malawi’s Miombo comprise open forests of low 

carbon stocks, ranging from 35 to 45 Mg ha−1 and in 

some cases as low as 8 Mg ha−1 [7]. More than 96% of 

Malawi’s population rely on fuelwood in form of 

charcoal and firewood while forest products and services 

contribute 6.9% of the country’s GDP through domestic 

and export product sales, employment, and tourism [29]. 

 

This study conducted a meta-analysis with a focus on 

forest assessment methods and procedures for 

estimating AGB in Miombo Woodlands under the 

REDD+ mechanism and NFI schemes. The following 

key sites and links provided relevant literature for the 

study; 



Kadzuwa and Missanjo; JOGEE, 16(2): 7-27, 

 

10 

 

 

 

Table 1. Traceable Forest Inventories in Malawi’s Miombo Woodlands: 1991-2021 

 

Forest Inventory Location Sampling & Sample Plot Design Sample Size Parameter Measured Carbon Pool 

National Forest Inventory (1991-93) Nation-wide NA NA dbh, ht, clear length, species. AGB 

Dzalanyama Reserve (1994-95) Dzalanyama Reserve, NA NA dbh, ht, clear length, species. NA 

Miombo Inventories (1995-96) Chimaliro & Liwonde NA NA dbh, ht, clear length, species. AGB 

Bark Harvesting Project (2005) Phirilongwe Forest 
Reserve 

Randomized (branch), using K- tree 
methods 

NA dbh, ht, species. ABG 

Tree Planting and Management for 

Carbon Sequestration and Other 
Ecosystem Services (2006-2011) 

Countrywide Stratified random sampling, samples 

collected in 0-10, 10-20 & 20-30 cm soil 
depths. 

300 dbh, ht, root collar, diameter, 

Soil organic Carbon (SOC), 
litter, species. 

AGB, BGB, 
SOC, Litter 

Tree Survey for Right of Way: 

Malawi Mozambique Interconnector 
Power-line (2009) 

Balaka & Mwanza Systematic sampling, (covering a stretch of 

75km), concentric nested circular plots of 
2m, 5m, 25m, laid at 250m apart 

294 dbh, ht, disc (growth rings of 

stem disc for age determination), 
species. 

AGB 

Avoiding Unplanned Mosaic 

Deforestation and Degradation in 
Malawi (2008-2009) 

Mkuwazi & Nyika, Random sampling, 

Square plots of 30m x30m & circular plots 

of 17.84 m radius 

203 dbh, ht, cd, clear length, species. AGB, DW, 

BGB 

Biomass of Faidherbia albida under 
Different Management Regimes 

(2010) 

Karonga, Bolero, 
Makanjila, Salima, Bwanje 

& Mwanza 

Complete randomised block design, 30m 

interval 

83 dbh, ht & crown area AGB 

Lake Chilwa Change Adaptation 

Programme (2010-17) 

Lake Chilwa Basin 
(Machinga, Phalombe & 

Zomba) 

Random Sampling NA dbh, ht, species. AGB 

Forest Resource Mapping under 
Forest Preservation Programme 

(2011-12) 

17 forest reserves across 

the country, 

Systematic sampling. Nested-Circular 
nested plots of 5.64m & 17.84m radius 

each respectively. (0.1ha) 

278 dbh, ht, cd, clear length, species. AGB, DW, 

BGB 

Development of Integrated 

Monitoring Systems for REDD+ in 
the SADC Project (2013) 

Trans-boundary between 

Malawi & Zambia 

Stratified random sampling. 

Nested T-Shaped Cluster (0.3ha) 

150 dbh, ht, cd, clear length, species, 

saplings. 

AGB, DW, 

BGB 

Distribution and Population Structures 

of Adansonia digitata 
(2013) 

Countrywide, Systematic random sampling. followed 

500m grid interval 

26 sites dbh, ht, bole height, cd, shape of 

trunk, species. 

AGB 

Liwonde, Ntchisi and Perekezi Forest 
Reserves (2016) 

Liwonde, Ntchisi and 
Perekezi Forest Reserves, 

Stratified random sampling. 
Nested T-Shaped Cluster (0.3ha) 

86 dbh, ht, cd, clear length, species, 
saplings 

AGB, DW, 
BGB 

Dzalanyama Forest Reserve Dzalanyama Forest Systematic sampling 2-Circular nested 68 dbh, ht, cd, clear length, species. AGB, DW, 
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Forest Inventory Location Sampling & Sample Plot Design Sample Size Parameter Measured Carbon Pool 

Conservation Project (2017) Reserve plots of 5.64m and 17.84m radius each 
respectively (0.1ha) 

  BGB 

Thuma and Dedza-Salima Escarpment 
Forest Reserves (2017) 

Thuma and Dedza-Salima 
Escarpment Forest 
Reserve, 

Stratified random sampling 
Nested T-Shaped Cluster (3 totalling to 
0.3ha) 

33 dbh, ht, crown diameter, clear 
length, species. 

AGB, DW, 
BGB 

National Forest Inventory (2018) North and South (except 
Central Region Forests) 

Random sampling T- cluster design 6m, 
12m, 20m radius plots (0.3ha) 

94 dbh, ht, cd, clear length, species. AGB, DW, 
BGB 

Source: Malawi National Forest Inventory Analysis-2018 
Key: DW=Dead Wood; N/A=Not Applicable (information or data not Available or Applicable), ht=height, dbh=diameter at breast height, cd=crown diameter, AGB=Above ground biomass, 

BGB=Below ground biomass. 
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(i) https://www.unredd.net/regions-and- 

countries/africa/malawi html 

(ii) https://www.dof.gov.mw/ 

(iii) http://www.ead.gov.mw/green-house-gas- 

inventory 

(iv) https://www.tetratech.com/en/projects/protecti 

ng-ecosystems-and-restoring-forests-in- 

malawi 

(v) https://unfccc.int/ 

(vi) https://www.giz.de/en/worldwide/15908 html 

(vii) https://discovered.ed.ac.uk/discovery/search? 

(viii) https://www.ipcc- 

nggip.iges.or.jp/public/2006gl/vol4.html 

(ix) https://scholar.google.co.uk/scholar? 

 

These sites were accessed between March 2021 and 

January 2022. The search involved the following 

keywords ‘forest biomass and carbon assessment in 

Malawi’, ‘national forest inventory of Malawi’ and 

‘national forest monitoring system of Malawi’. The 

major focus for the meta-analysis was on 6 recent studies 

that pursue the REDD+ initiative and have traceable 

inventory data which include: 

 

a) Avoiding Unplanned Mosaic Deforestation and 

Degradation in Malawi (2008-2009), 

b) Forest Resource Mapping under Forest 

Preservation Programme (2011-12), 

c) Development of Integrated Monitoring 

Systems for REDD + in the Southern African 

Development Community (SADC) Design of 

REDD MRV (2013), 

d) Dzalanyama Forest Reserve Conservation 

Project (2017), 

e) Liwonde, Ntchisi and Perekezi Forest Reserves 

Inventory (2016) and, 

f) Malawi National Forest Inventory (2018). 

 

For conciseness, these studies have been named after 

their site and/or funder followed by year of study 

interchangeably hereinafter as follows; (a) Nyika- 

Mkuwazi-2008, (b) FPP/JICA-2012, (c) SADC-GIZ- 

2013, (d) DFRP-2017, (e) LIW-NTZ-PER-2016 and, 

(f) NFI-2018, respectively. 
 

2.2 Sample Plot and Data Collection 

Data for testing (analysis) was specifically acquired from 

forest inventories that were conducted in Liwonde Forest 

Reserve (Fig. 2) in 2012 and 2016. The reserve is located 

between the latitude 15021’S and longitude 35021’E. The 

altitude of the area ranges 

from 800 m to 2080 m above sea level. The mean annual 

rainfall range is 840–960 mm while the mean annual 

temperature range is 18oC – 25oC. The area experiences 

a 5–6-month dry season thus from May to October. The 

reserve is dominated by ferrallitic latosols soils with an 

average pH of 5.2 [30]. 

 

2.2.1 Measurement procedure 

 

Navigation to the sample plot centre was the initial stage 

that was preceded by a priori entry of plot centroid (xy 

coordinates) in handheld GPS receiver. Attainment 

minimum positional accuracy of +or -3m by the receiver 

was ensured prior to marking the xy positions of any 

other target feature. This was followed by monumenting 

the plot centre using metal bars. Plot alignment and plot 

boundary demarcation steps followed. These were done 

using pocket-prismatic compass, adjustable ranging 

rods, tape-measure and coloured flagging tape and/or 

chalk. 

 

2.2.2 Key variables 

 

Enumeration began with saplings from the regeneration 

subplot and was sequentially followed by small, medium 

and large subplots. While saplings’ height was used as a 

threshold in the regeneration subplot, a given dbh 

threshold determines the trees to measure in the rest of 

the subplots (Table 3). Tree parameter measurements 

were carried out following Azimuth direction, thus 

beginning from the plot- centre stretching outward in 

clockwise direction. Each measured tree was tagged 

using an identification number (ID). GPS camera (in 

built) and/or a steel camera (embedded with GPS 

function) were also used to capture tree IDs to ascertain 

georeferenced locations. Other features depicting the 

plot status i.e., regenerants, standing trees, lying/leaning 

trees, deadwood or vegetation and terrain status that were 

deemed important were captured as well. 

Key variables and parameters recorded include; (i) dbh 

taken at 1.3m above-ground-using diameter tape (D-

tape) or calliper, (ii) height–using hypsometer, (iii) 

crown diameter using D-tape, (iv) tree and regenerants 

botanical names, (v) trees xy geocoordinates using 

handheld-GPS set, (vi) plot- centre geo-coordinates (xy) 

using handheld GPS set. Normally, deadwood was 

recorded though its quantity has usually been deemed too 

insignificant to account in Malawi’s forests [4]. 
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Fig. 1. Miombo Swathe in Malawi and Neighbouring Countries 
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Fig. 2. Key REDD+ Sites in Malawi 
Source: Country and Protected areas shapefile- Surveys Department of Malawi. 

 

The number of sample plots and other parameters used 

in the study are presented in Table 2. The following 

measurements were taken for each tree in the plot and 

were recorded: dbh using caliper or D- tape; height using 

vertex; distance and bearing from 

the centre using vertex and hand-held compass, 

respectively. However, trees were measured using the 

following threshold small plot (5cm ≤ dbh ≥ 14.9 cm); 

medium plot (15cm ≤ dbh ≥ 29.9 cm); and large plots 

(dbh ≥ 30cm). The botanical name of each tree 
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measured was also identified and recorded. Furthermore, 

the present study simulated the calliper measurements 

for the dbh of trees for the 2016-forest inventory and the 

diameter tape measurements for the 2012-forest 

inventory as shown in Table 2. 

 

2.3 Calculation of AGB 

 
Calculation of AGB encompasses all live trees measured 

in the sampling plots. It covers a number of stages that 

have been exemplified using a T-cluster circular nested 

sample design (Fig. 4) in this study and categorised as 

follows; (i) sampled plot area, (ii) scaling factor, and (ii) 

employment of allometry. The allometry used is the one 

that was developed by Kachamba et al. [20]. 

 

2.3.1 Sampled plot area 

 

Prior to AGB estimation, the initial stage involves 

establishing the extent of area that the biomass covers 

which is calculated based on the sample plot size and 

shape. While calculation of square or rectangular shaped 

plot is regarded as straight forward, most of the studies 

under focus employed circular sample plot. 

Area calculation of the nested circular plots is based on 

the following formula; A= πR2, 

 

where: 

 

A= the area of the nest (circle) π 

=pi (3.14) 

R= the radius of the nest 

2.3.2 Scaling factor 

Prior to AGB calculations, a scaling factor (SF) is used 

to scale up dimension (area) values for each subplot in 

order to convey estimates of C stock on a hectare basis. 

This involved conversion of the subplot area unit 

measurements (in m2) to a per hectare basis (1ha) as 

follows: 

SF= 10,000/NA, 

where; 

SF = Scaling Factor to convert per hectare basis 

(dimensionless) 

10,000 = number of squared meters (m2) in one 

hectare 

NA = horizontal projected area of nested plot (in m2) 

 

Table 2. Parameters employed during plot-based inventories in Liwonde Forest 

 

No. Parameter  Inventory Year  
  2012 2016 

1 Number of sample plots 16 70 

2 Plot-size 0.1 ha (Circular plots of 17.84 m 
radius) (Figure 3) 

0.13 ha (Circular plots of 20 m 
radius) (Figure 4) 

3 DBH Measurement tool Calliper (Figures 5 and 6) D-tape (Figures 5 and 6) 

 

 

Fig. 3. Concentric nested sampling plot design 
Source: Makungwa [31] and DoF [32] 
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Fig. 4. T-Shaped cluster sampling plot design 
Source: Mueller [33] 
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Table 3. Different allometry used for AGB calculations 

 

No. AGB Allometric Equation Source 
1 AGB=0.0267dbh2 5996 Ryan et al. [35] (Mozambique) 

2 AGB=0.5(0.2035dbh2 3196) Brown et al. [36] (Mozambique) 

3 AGB=exp (-1.996+2.32* ln (dbh)) Brown [37] (Mozambique) 

4 AGB=BD x exp {-0.667+1.784 x ln (dbh) + 
0.207 [ln(dbh)]2 -0.0281 x[ln(dbh)]3} 

Chaves et al. [38] 

5 AGB= 0.21691∗ dbh2 318391 Kachamba et al. [20] (Malawi) 

Key: AGB=Above-ground Biomass in kg C, dbh=diameter at breast height in cm, BD=Basic Wood density (oven-dry. 

tonne/moist m3) 
 

2.3.5 Employment of allometry 

This stage involves factoring of AGB allometric 

equation. As aforementioned, this study employed a 

local allometry specifically developed for Malawi’s 

Miombo trees that was published by Kachamba et al. 

[20] as a standard one thus, indicated below: 

AGBt = 0.21691*dbh2 318391 

where; 

AGBt = above-ground biomass of tree t; kilograms of 

dry matter (kg.d m.) 

dbh = diameter at breast height in centimeters (cm) 

ht = total tree height (m) taken at breast height 

The results obtained are in kilograms of dry matter 

(kg.d m.) otherwise referred to as AGB. As a final step, 

a carbon fraction of 0.47 for all the Miombo tree species 

measured is multiplied to the AGB to calculate Carbon 

[4, 21]. 

AGB allometric equation presented in Table 3 were 

used for the meta-analysis. 

2.4 Statistical Analysis 

Datasets on AGB were tested for normality and 

homogeneity with Kolmogorov-Smirnov D and normal 

probability plot tests. After the two criteria were met, the 

datasets were subjected to the analysis of variance 

(ANOVA) technique. Variance components for the 

sources of variation were also estimated. Statistical 

analysis was performed using GenStat 18.1 for 

Windows. Differences between treatment means were 

separated using Fischer’s least significant difference 

(LSD) at the 0.05 level. The data were analysed using 

equation 1. 

                                                   

 (1) 

where: 

 is the response variable (Above ground 

biomass) of the jth observation in the ith treatment; 

 is the overall mean; 

 is the fixed effect of the allometric equation (i 

= 1, 2, 3, …, 5); 

 is the fixed effect of plot size (j =1, 2); 

 is the fixed effect of DBH tool 

measurement (k=1, 2); 

 is the effect of the interaction between the 

allometric equation and plot size; 

 is the effect of the interaction between the

 allometric equation and DBH tool 

measurement; 

 is the effect of the interaction between plot 

size and DBH tool measurement; 

 is the effect of the interaction among 

allometric equation, plot size, and DBH tool 

measurement; 

 is the random residual effect,     ~ N ( 

). 

 

3. RESULTS AND DISCUSSION 

 

3.1 Influence of Allometric equations on AGB 

 
Summary of the results on the influence of allometric 

equations in the estimation of AGB in Malawi’s Miombo 

woodland are presented in Tables 4 and 5. Allometric 

equations significantly (P<0.001) affected the estimation 

of AGB and contributed the highest (97.95%) of the total 

variation. The site-specific allometric equation 

developed by Kachamba et al. 

[20] estimated the highest (113.08±1.56 t/ha) AGB. The 

other allometric equations underestimated the AGB 

within the range of 16.7% to 67.9%. 

 

The present findings are in line with those in the 

literature [39, 40]. For example, the generalized model 

developed by Chave et al. [38] overestimated and 

underestimated tree volume in the Miombo Woodlands 

of Dindili and Rondo forests in Tanzania, respectively, 

compared to the site-specific models developed by 

Mugasha et al. [39]. Similarly, the generalized model 

[34] underestimated and overestimated the mean tree 

volume by 41.7% and 12.4% in Pinus patula and Pinus 

oocarpa in Malawi, 



Kadzuwa and Missanjo; JOGEE, 16(2): 7-27, 

 

19 

 

 

respectively, compared to the site-specific models 

developed by Malata et al. [40]. Though to some extent 

the degree of disparity may be due to differences in site 

characteristics and the type of data used in the 

development of allometry [41], the studies clearly 

indicate that the default values used in the generalized 

allometry (rather than the local values) greatly affected 

the results. 

 

  is the allometric equations;  is plot size;  is DBH 

tool measurement;   is the interaction between 

allometric equation and plot size;    is the interaction 

between allometric equation and DBH- tool 

measurement;    is the interaction between plot-size  

and  DBH-tool  measurement;  and  is the interaction 

among allometric equation, plot-size and DBH-tool-

measurement. 

 

3.2 Effect of Plot Size on the Estimation of 

AGB 

 
Results on the effect of plot size on the estimation of 

AGB in Malawi’s Miombo woodland are presented in 

Tables 5 and 6. The plot size of 20m radius (0.13ha) had 

the highest (75.31±0.77 t/ha) AGB compared to 

66.12±1.61 t/ha for the plot size of 17.84 m radius 

(0.1ha). This indicates that the plot size of radius 

17.84 m underestimated the AGB t/ha by 12.2% 

compared to the plot size of 20m radius plot. The results 

portray that plot size significantly (P<0.001) affected the 

AGB estimates. 

 

Nevertheless, the overall effect of plot size was 1.65% to 

the total variation (Table 4). Though the magnitude of the 

plot size contribution appears to be minimal, it has the 

potential to become substantial if assessed on large-scale 

forest areas where fine hardwood Miombo tree species 

intermix with ever green afro-montane species, such as 

the Mkuwazi Forest Reserve and Nyika National Park 

[42]. A study conducted by Mauya et al. [43] in Miombo 

Woodlands of Tanzania on the effect of plot size on 

prediction of the accuracy of AGB indicated that the plot 

size increases correspondingly with an increase in plot 

size where the adjusted R2 increased from 0.35 to 0.74 

while RMSE 63.6 to 29.2%. 

 

Table 4. Variance components for AGB 

 

Source of variations df  AGB (t/ha)  
  P-value Var % 

   4 <0.001 97.95 

   1 <0.001 1.65 

   1 0.125 0.15 

       4 0.452 0.23 

       4 0.990 0.02 

       1 0.935 0.00 

         4 0.999 0.00 

 

Table 5. Influence of Allometry, plot size and dbh measurement tool on AGB Estimation 

 

Category AGB (t/ha) 

Allometric equation  

Brown et al. [36] 53.26±1.16d 

Brown [37] 71.23±1.51c 

Chaves et al. [38] 94.17±1.06b 

Ryan et al. [35] 36.28±1.65e 

Kachamba et al. [20] 113.08±1.56a 
Plot size  

Circular plot of 20m radius (0.13ha) 75.31±0.77a 

Circular plot of 17.84 m radius (0.1 ha) 66.12±1.61b 
DBH tool measurement  

Diameter tape 74.65±0.93a 

Calliper 72.53±0.98a 

Note: means with different superscripts within the same category significantly differ (P<0.05) 
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The plot size contribution can as well display remarkable 

differences in either underestimations or over 

estimations AGB in areas where topography is rugged 

i.e., steep slopes, undulating terrain cliffs etc. 

Topographic variables such as slope and elevation have 

been known to explain ~21% variations in AGB within 

human impacted tropical dry forest landscapes [44]. In 

this regard, this study encourages further research on the 

effect of the plot size and configuration bearing in mind 

the diverse topographical that the Miombo Woodlands of 

not only Malawi, but the entire Eco-biome expanse in 

Southern Africa. 

 

The findings of the present study have also demonstrated 

the importance of choosing appropriate the field plot 

sizes (dimensions and configuration) during forest 

inventory of Miombo Woodlands. They have 

demonstrated the positive effects of increasing plot size 

on the improved predictive power of the AGB model. 

Increasing sample plot size minimizes the plot boundary 

affects that arise due to smaller circumference to area 

ratio [43]. Similar trends have been reported and 

discussed by other authors in tropical forests [45, 46]. 

 

3.3 Influence of dbh (Dendrometric) 

Measurements Tool 

 
Summary of the results on the influence of dbh tool 

measurement on the estimation of AGB in Malawi’s 

Miombo Woodland are presented in Tables 4 and 5. The 

results indicate that there were no significant (P>0.05) 

differences on the AGB between the use of diameter tape 

and calliper in measuring dbh of trees. However, AGB 

estimated using D-tape was higher (74.65±0.93 t/ha) 

compared to the one estimated using calliper (72.53±0.98 

t/ha). This indicates that the use of calliper in measuring 

dbh underestimated the AGB t/ha by 2.8% compared to 

the use of D-tape in measuring dbh. 

 

Nonetheless, much as the measuring of dbh looks 

straight-forward, Wilson et al. [47] noted that it can be 

difficult if no consideration is made to the discrepancies 

that may arise as a function of the geometric relationships 

upon which they are designed. While conventional 

callipers and D-tapes are generally regarded more 

accurate and faster than any of the optical dendrometers 

such as vertex clinometers; the sliding arm of a calliper 

can be damaged and may not always be perpendicular to 

the scale when read thereby introducing a bias. In spite 

of this, the majority of studies have recommended D- 

tapes on the grounds that they are more consistent and 

precise than callipers as their measurements represent an 

average of all diameters over all directions [47, 

48]. Hence, as way forward, this study recommends 

further research on the accuracy assessment of AGB 

results propagated when using D-tapes and callipers in 

Miombo Woodlands of other countries for enhancing the 

understanding in the light of the REDD+ mechanism. 

 

3.4 Inconsistences and Inaccuracies in 

Methods and SOPs for estimating AGB in 

Malawi 

 
3.4.1 Varied sampling designs 

 

The Nyika-Mkuwazi-2008 study engaged a more 

complex, sampling design which determined sampling 

plot locations considering the variant vegetation strata of 

the study sites. First, it employed a regular 250m grid for 

areas where understory vegetation did not inhibit 

movement [49]. Second, it involved selecting a random 

distance along existing paths and a random distance from 

the path (between 20m and 200m) in more densely 

vegetated areas. In total the design yielded 203 sampling 

plots (Fig. 7 and Table 1). 

 

A quite different grid dimensional approach was engaged 

by both the FPP/JICA-2012 and DFRP-2017 studies 

which though employed the systematic random 

sampling, each target forest reserve was instead overlaid 

at a systematic grid interval of 1km, 2km and 4km (Fig. 

7) [31,32]. In contrast to the Nyika-Mkuwazi-2008 

study, the intersection points during the FPP/JICA and 

DFRP inventories became centroids for the sample plots 

for both of these studies. The FPP/JICA-2012 drew 278 

plots for the entire 17 forest reserves surveyed while the 

DFRP- 2017 drew 68 for its study site (Table 1). 

 

The SADC-GIZ-2013 inventory used a unique system 

altogether. It administered a multi-stage stratified 

(restricted) random sampling design whereby 

distribution of sample points was first based on 

stratification of the area into forest land and non- forest 

land and further into intact and non-intact forest strata 

[33]. The approach yielded an overlay of forest mask 

comprising 325 squares of 9km by 9km each randomly 

selected within an inventory unit. These were located 

inside the squares and became plot centroids (Figs. 4 and 

7). This in contrast to the design followed by FPP/JICA-

2012 and DFRP-2017 studies whereby the plot centroids 

fell at the grid intersections. 

 

Much as the LIW-NTZ-PER-2016 study imitated the 

stratified and random sampling techniques laid by the 

SADC-GIZ-2013 study, it differently engaged a multi-

stage sampling design whereby the forest reserves were 

further stratified by using the existing 
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management blocks [4, 21, 50]. The study yielded a total 

of 81 cluster sampling units. 

 

In contrast, the NFI-2018 used random stratified 

sampling design which distributed plot points within the  

sampling  frame  with  several  stratification 

approaches. Applied a landscape-based approach that 

grouped lands into larger contiguous zones generally no 

smaller than 25km by 25km [4]. However, its full 

sampling approach largely followed the LIW-NTZ- 

PER-2016 study, even though the stratification part was 

based on visual (arbitrary) interpretation [4]. 

 

 
 

Fig. 7. Varied Forest Inventory Sampling Designs: (i) SADC-GIZ-2013-top, (ii) FPP/JICA-2012 and the 

DFRP-2017-bottom 
Source: Makungwa [31] & DoF [32] 
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Table 6. Inconsistencies in sampling design and Dendrometers for AGB 
 

DIMENSION 

Name of 

Inventory 

Subplot Dimensions/ 

Radius 

Shape Area Threshold 
for dbh 

Instrument 

for dbh 

Source 

Nyika- Small 10m x 10m Square 0.01ha 5-20cm  (USAID Malawi [42]) 

Mkuwazi-        

2008        

 Medium 20m x 20m Square 0.04ha 20-50cm D-tape  

 Large 30m x 30m Square 0.09ha >50cm   

 Small 5.64m Circular 0.01ha 5-20cm   

 Large 17.84m Circular 0.1ha >20cm   

FPP/JICA- Small 5.64m Circular 0.01ha 5-20cm D-tape (Department of 

2012 Large 17.84m Circular 0.13ha >20cm  Forestry, [32]) 

SADC-GIZ- Regeneration 2m Circular - <5cm calliper & (Mueller, [33]) 

2013 Small 6m  - 5-14.9cm D-tape  

 Medium 12m  - 15-29.9cm   

 Large 20m  0.3ha ≥30cm   

LIW-NTZ- Regeneration 2m Circular - <5cm calliper & (USAID PERFORM, 

PER-2016 Small 6m  - 5-14.9cm D-tape [21]) 
 Medium 12m  - 15-29.9cm   

 Large 20m  0.3ha ≥30cm   

DFRP-2017 Regeneration 2m Circular - <5cm  (Makungwa, [13]) 
 Small 5.68m  - 5-14.9cm vertex  

 Medium 11.28m  - 15-29.9cm   

 Large 17.87m  0.13ha ≥30cm   

NFI-2018 Regeneration 2m Circular - <5cm calliper & (Government of 
 Small 5.68m  - 5-14.9cm D-tape Malawi, [46]) 
 Medium 11.28m  - 15-29.9cm   

 Large 17.87m  0.3ha ≥30cm   

Note: dbh=diameter at breast height, ha=hectare, 
 

3.4.2 Varied sample plot unit design and 

configuration 

 

The Nyika-Mkuwazi-2008 study employed a nested 

sample plot design whereby square plots were laid in 

dense understorey vegetation while circular ones were 

laid in areas with more open vegetation structure (Table 

6) [49]. The square subplots’ dimensions were; 10m x 

10m, 20m x 20m, and 30m x 30m. An entire sampling 

unit was 0.09 ha. The circular subplots were of 5.64m 

and 17.84m radius each and the total for each cluster was 

0.1ha. Nevertheless, the minimum dbh threshold was 

5cm for both plot shapes while the maximum for the 

circular and square plots were >20cm and >50cm 

respectively. 

 

The  SADC-GIZ-2012,  LIW-NTZ-PER-2016  and 

NFI-2018 studies laid clusters of 3-T shaped circular 

sampling plot units that effected a min. and max. dbh 

threshold of 5cm and >30cm respectively (Table 6 and 

Fig. 4) [33]. The circular subplots were of 2m, 6m, 12m, 

and 20m radius. Each individual concentric 

subplot gave a total of 0.1ha while the entire 3-T 

sampling unit amounted to 0.3ha. 

 

A different sampling plot design was also employed by 

both the FPP/JICA-2012 and the DFRP-2017 studies 

which favoured nested circular plots of 2m, 5.64m, 

11.28m and 17.84m radius (Fig. 3). Although the min. 

and max. dbh threshold was similar to the one used by 

the Nyika-Mkuwazi-2008 study, the FPP/JICA-2012 and 

the DFRP-2017 studies employed one nested concentric 

plot as their sampling unit (Fig. 3), thus in contrast to the 

3-T cluster design (Fig. 4) used by the former. Hence, 

this implies that the entire sampling unit amounted to 

0.1ha, as opposed to 0.3ha. 

 

3.4.3 Varied Allometry employed for AGB 

estimation 
 

Over the past 3 decades, a number of allometric 

equations (Pan-Tropical and others) have been used to 

estimate AGB in Miombo Woodlands of Malawi (Table 

7). 
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Table 7. Different AGB Allometry used in Miombo Woodlands of Malawi 

 

No. Inventory Name AGB Allometry Source 

1 Nyika-Mkuwazi-2008 (i)AGB=0.0267dbh2 5996 
(ii)AGB=0.5(0.2035dbh2 3196 

Mozambique (Ryan et al. [35]) 
(Brown et al. [36]) 

2 SADC-GIZ- 2013 AGB=exp. (-1.996+2.32* ln (dbh)) (Brown [37]) 

3 FPP/JICA-2012 (i) AGB=BD x exp. {-0.667+1.784 x ln (dbh) + 
0.207 [ln(dbh)]2 -0.0281 x[ln(dbh)]3} 

(ii) AGB=BD x exp. {-1.499+2.148 x ln (dbh) + 
0.207 [ln(dbh)]2 -0.0281 x[ln(dbh)]3} 

(Chaves et al. [38]) 

 

(Chaves et al. [38]) 

4 LIW-NTZ-PER-2016 AGB= 0.21691∗dbh2 318391 Malawi, (Kachamba et al. [20]) 

5 NFI-2018 AGB= 0.21691∗dbh2 318391 Malawi (Kachamba et al. [20]) 

Key: AGB=Above-ground Biomass in kg C, dbh=diameter at breast height in cm, b= basal area in cm2, BD=Basic Wood 

density (oven-dry. tonne/moist m3) 
 

 

 

Fig. 8. Irregular outer-bark stem diameter shapes of Miombo warranting D-tape more than calliper for 

better dbh accuracy-Ntchisi Forest Reserve-Malawi 
 

3.4.4 Stem diameter measurement 

(Dendrometric) errors 

 

For the purpose of this write-up, dendrometers imply the 

many types of diameters measuring instruments such as 

callipers, diameter tapes (D-tapes), range finders, forks 

and others possessing widely differing properties (e.g., 

accuracy, precision, cost, operation, simplicity etc.) [48]. 

Diameter at breast height (dbh) is 

the measurement of a standing trees’ out-side-bark stem 

diameter at 1.3m above level ground and the two 

common dendrometers referred in this study include 

callipers and D-tapes [51,52]. Basically, a D-tape 

consists of a tape measure that wraps around the 

circumference (girth) of a tree with a calibrated scale in 

pi (π) cm units of a diameter (i.e.,1cm=3.14cm on the 

scale). D-tapes directly measure diameter on one side 

and often have standard length (equals the 
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circumference) on the other side of the tape while 

callipers measure the distance between parallel tangents 

of a closed convex region [48,51,52]. 

 

With dbh alone or in combination with other parameters 

such as ht, basal area, one is able to estimate volume, tree 

growing stock and more importantly biomass and carbon 

[33,51,52]. The parameter is also important for 

determination of size- frequency distributions in 

irregular structure stands 

[51]; hence, dbh remains an indispensable parameter to 

the estimation AGB in Miombo woodlands of Malawi 

[34]. Under REDD+, callipers are recommended for 

measuring deadwood especially the one lying on the 

ground (Fig. 6, right bottom). However, due to other 

factors, they have been used interchangeably with D-

tapes to measure dbh of standing trees of Miombo during 

field inventories in Malawi, thus regardless of the stem 

geometry (Fig. 8). 

 

Some fine hardwood Miombo tree species stems of 

Malawi possess rugged outer-barks (Fig. 8). Besides, 

they may overhang or overlay on each other and even 

grow bigger than the size of calliper leading to errors 

when their dbh is measured using calliper in comparison 

to D-tape. 

4. CONCLUSION 

This study assessed, methods and operating procedures 

for estimating AGB estimation in Miombo Woodlands of 

Malawi for the past three decades. It has revealed 

significant gaps associated with (i) sampling design, (ii) 

sample plot configuration, (iii) allometry, and (iv) 

dendrometric measurements which were analysed using 

the ANOVA statistical package. Results indicate that 

employment of varied allometric equations significantly 

affected the AGB estimations (P<0.001) among the rest 

of the parameters followed by sampling plot unit 

configuration. However, the influence of the 

dendrometric measurements tool was minimal as no 

significant differences were observed on the use of either 

a D-tape or calliper in measuring dbh (P>0.05). The 

study recommends adoption of a circular sampling 

design of 20m radius, consistent use of D-tape in 

measuring dbh, and employment of local of allometry for 

AGB in Malawi’s Miombo Woodlands. Incorporation of 

these changes is envisaged to facilitate not only smooth 

running of the Malawi’s NFI system but also robust 

implementation and global recognition of the REDD+ 

efforts carried out. Besides working to the quick 

realisation of REDD+ carbon payments, the study 

advises that embracing the changes will ensure a swift 

means of advancing methodological framework for 

assessing and reporting C stock fluxes and GHG 

emissions, thus, from lower levels to Tier 3, thus 

indicative of 

high-level accuracy. The study also advocates 

integration of the current ground-based system with cost-

effective remotely sensed EO such as free and open 

source, but high-resolution imagery from ALOS-

PALSAR and SENTINEL 1 and 2 missions would go a 

long way in enhancing the accuracy of AGB estimations 

in Miombo Woodlands of Malawi. Finally, the study 

encourages further research on the effects of plot 

size/configuration as well as on the use of D-tape and 

calliper for measuring dbh in the Miombo Woodlands. 
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ABSTRACT 
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Original Research Article 

Malawi’s Miombo Woodlands provide critical wood products and ecosystem services, including carbon storage 

through above ground-biomass (AGB). However, accurate and efficient estimation of AGB and C remains a 

huge challenge due to the complexity of heterogeneous natural and anthropogenic environmental factors 

exacerbated by choice of data collection and analysis techniques. A study was conducted to explore the potential 

of Machine Learning (ML) algorithmic on modelling AGB in Malawi’s Miombo Woodlands using remotely 

sensed data. A combination of 
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Keywords: Above-ground biomass (AGB); Miombo woodlands; algorithm; Sentinel-2 MSI; random forest; 
out-of-bag (OOB); Rstudio; Google Earth Engine (GEE); JavaScript; mean decrease in accuracy (MDA). 
 

1. INTRODUCTION 
 

Accurate and low-cost methods for estimating and 
modelling forest above-ground biomass (AGB) are 
critical for better understanding and monitoring of 
the tropical Miombo Woodlands which are under 
huge threat from anthropogenic activities, 
especially within the non-Annex-I REDD+ parties 1 
of Southern Africa, Malawi inclusive. Malawi 
primarily relies on the traditional method of ground-
based measurements for her AGB and carbon (C) 
estimates [1]. While measurement of tree biomass 
under this system may not require sophisticated 
technology; the datasets sampled might not be 
economically practical for broad- scale 
assessments, and worse-still, not comprehensively 
representative of the study site spatially, due to the 
system’s limitation of access to fragile areas such 
as cliffs, peaks and ridges that pose danger to 
human life [2,3]. This inarguably, renders key 
advantage to remote sensing technology (ibid), 
which is often regarded as the icing on the biomass 
estimations’ cake. 
 
Availability of free and open/unrestricted imagery 
from LandSat, and currently Sentinel-1 and 2, 

 

1 Non-Annex I partners are developing countries that do not have 
legally binding greenhouse gas emissions reductions targets 
under the Kyoto Protocol. 

and ALOS–PALSAR-2 satellite missions provides 
the leverage for advancing the global mechanism 
on Reducing Emissions from Deforestation and 
forest Degradation (REDD+), not only as a low-cost 
means, but with enhanced accuracy as well. Malawi 
has been conducting a series of site-based AGB 
estimations in its Miombo Woodlands, largely under 
the global REDD+ umbrella [1,4]. Nevertheless, the 
choice of accurate, but, cost-effective remote 
sensing methods has never been adequately 
addressed, an area that poses a key problem to the 
Least Developed Countries (LDCs) where financial 
backstopping remains the major constraint [5,6]. 
 
Worse-still, Miombo Woodlands are characterised 
by a plethora of intertwined challenges associated 
with their morphology, seasonality, and the 
interplay of anthropogenic disturbances that include 
forest fire and wood harvesting which cumulatively 
render difficulties to correctly estimate and map 
AGB [2,7,8]. Despite these rarae-avis, the 
unrestricted medium-resolution Sentinel-2 Multi-
Spectral Instrument (MSI) imagery datasets and the 
ground measurements have not yet been modelled 
for AGB in these woodlands of Malawi, at least to 
the best of the authors’ knowledge. Paradoxically, 
mapping of land cover and AGB estimations of 
Malawi’s Miombo Woodlands has been associated 
with significant inconsistences 

AGB field measurements and Sentinel 2 Multi-Spectral Instrument (S2 MSI) imagery, and environmental data 

were employed to train and evaluate the performance of Random Forest (RF) regression ML model, thus against 

the backdrop of traditional simple linear and multiple linear regression models used in the past. The 

randomForest package in Rstudio R-3.6.1 software was used to model the S2 median seasonal composite band 

imagery datasets acquired in 2019 over Ntchisi Forest. Results demonstrate an outstanding performance of the 

RF with Mean Decrease in Accuracy (MDA) importance of >80 acquired from the Green, Blue and Near-Infra-

Red (NIR) bands of the post-rainy season imagery while the dry season scene registered a MDA importance of 

>52 obtained from the Red, Blue and NIR bands. These findings underscore the superiority of the RF, revealing 

its ability to model AGB using different spectral bands, and more importantly, in different seasons. The outcomes 

have also revealed the better accuracy that the RF render in generating AGB maps (providing a minimum range 

of 25-33 tCha-1, which is in line with the ground reference estimates). Overall, the study has shown that RF 

Regression is a better technique to estimate AGB in Miombo Woodlands using the S2 MSI imagery under the 

given conditions. In conclusion, the research has further shown that the optical band combination of NIR and the 

Red regions of the Electro-Magnetic Spectrum are indispensable variables for successful modelling of AGB as 

well as delineating forest cover from non-forest attributes in the Miombo Woodlands. However, the study 

recommends exploring modelling the AGB using averaged vegetation indices i.e., NDVI, SAVI, and MSAVI, 

for robust results. 
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and inaccuracies that compromise biomass results 
and C quantifications [1,9,10]. 

In spite of the cost implications, the accuracy 
challenges and the method inconsistencies 
associated with the reliance on the ground-based 
system for measuring biomass; no study has 
attempted to explore and/or enhance the accuracy 
associated with AGB estimates through either 
modelling and/or evaluating the performance 
aligned with the Random Forest Machine Learning 
algorithm using low-cost remotely sensed Earth 
Observations in Malawi’s Miombo Woodlands. 

While a study on biomass estimation using 3D data 
from unmanned aerial vehicle imagery in a Tropical 
Woodland of Malawi was key in introducing the 
need for exploring statistical regression methods for 
modelling AGB [2]; unfortunately, no further 
research has endeavoured to examine the 
performance of Machine Learning (ML) algorithms 
i.e., Decision Tree and Random Forest in modelling 
AGB of Malawi’s rugged Miombo woodlands, 
despite the well-known record of rendering 
improved accuracy [5,11,12]. Hence, against such 
a backdrop, it was of interest for this study to; (i) 
model tree AGB (computed from ground 
measurements) using unrestricted Sentinel-2 
imagery acquired over Miombo Woodlands, and 
(ii) explore the accuracy of the Random Forest (RF) 
Regression Machine Learning technique in the 
Miombo Woodlands of Malawi. 

2. MATERIALS AND METHODS 

2.1 Study Site 

The study was conducted in Ntchisi Forest, a 
reserve declared as one of Malawi’s protected 
areas in 1924. The forest is located in a central 
district named Ntchisi (Latitude, -13.3205 E and 
Longitude, 34.0419 S), ~96km to the north-west of 
Lilongwe, the capital city of Malawi. The reserve is 
predominantly a Miombo Woodland covering 
9,720ha. It stretches on undulating mountainous 
terrain with an altitudinal range of 600-1675m 
above sea level. Due to the rugged nature of its 
terrain, it is difficult to physical access every part of 
the forest. This arguably contributes to its improved 
conservation as depicted by its relatively high mean 
AGB (45tCha-1) compared to those of Liwonde 
(35tCha-1) and Perekezi (42tCha-1) Forest managed 
for the REDD+ purposes as well [13]. 

The site experiences a humid subtropical climate that 
is characterised by alternating dry-winter and hot-
summer seasons with annual temperature range of 
19-250C and rainfall range of 1200- 400mm per 
annum. Soils within the forest are typically a mixture 
of poor sand and blackish- loam, localised within the 
Brachystegia and Montane dominated areas of the 
reserve, respectively. Administratively, the 
management regime of the forest falls under co-
management arrangement whereby; the roles and 
responsibilities of governing the forest are shared 
between the Central Government of Malawi through 
the Department of Forestry (DoF) and the villages 
surrounding the forest. These villages include 
those within the jurisdiction of Traditional 
Authorities; Vuso Jere, Kasakula and Nthondo. 
Currently, the forest serves as a pilot study area for 
the REDD+ mechanism [13]. 
 

2.2 Data Collection 
 

Data for the study was two-fold, vis-a-vis; ground-
based individual tree level parametric 
measurements, out of which AGB was computed, 
and the median seasonal Sentinel-2 MSI imagery 
acquired from Google Earth Engine (GEE) online 
platform. The GEE uses JavaScript Application 
Programming Interface (API) which enables two 
programming languages (software) components to 
communicate with each other using a set of 
definitions and protocols [14]. In this study, the API 
enabled the JavaScript to communicate with RStudio 
used in analysing the datasets. 

 

2.2.1 Sampling Design and Collection of 
Ground-based Measurements 

 
Ground-based measurements were conducted from 
17-21 September 2019. The key variables and 
parameters measured include; 
 

i. Individual tree diameter at breast height 
(dbh), 

ii. Total tree height (ht), 
iii. Crown diameter (max. and min.), 
iv. Tree botanical names (species), 

v. Tree xy coordinates, 
vi. Plot centre xy coordinates (centroids), 

vii. Bearing (in degrees) of each tree from the 
centre, and, 

viii. Horizontal distance of each tree from the 
centre. 



Kadzuwa and Missanjo; J. Global Ecol. Environ., vol. 17, no. 3, pp. 1-15, 2023; Article no.JOGEE.11407 

4 

 

 

 

 

 

 

Fig. 1. Map of Ntchisi reserve (study site) showing (i) 2019 forest cover displayed in Sentinel-2 
imagery red, green, blue (RGB) visualisation, and (ii) ground-sampling plot units (0.126ha or 

20m radius) distribution denoted by circles 
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Ground data collection inherited permanent sample 
plots (PSPs) established following a multi-stage 
sampling design which integrated stratified and 
random sampling techniques during the 2016 
Malawi REDD+ site-based inventory [1,13]. The 
stratified sampling phase incorporated forest 
management units demarcated to cover forest 
management blocks that each of the 13 villages 
surrounding Ntchisi Forest holds as management 
stake, thus, under co-management arrangement 
with the DoF [15,16]. The sampling plot units were 
named after each of the villages (Fig. 1). This was 
followed by a systematic random sampling phase: 
whereby sampling unit plots were computed at a 
minimum spacing of 90-meter square grids 
(network) covering the entire reserve. The network 
generated a minimum of 13 

randomly sampled points that became plot 
centroids of 20metre radius circles (0.126ha) (Fig. 
1), sufficient to attain a Confidence Level (CL) of 
95% with a precision of 10% error [13,16]. At each 
sample plot, a four fixed concentric circular plot 
design bearing 2m, 6m, 12m and 20 m radius each, 
respectively, was inventoried (Table 1 and Fig. 2). 
 
For each tree measured, its code was documented 
using a species list catalogue provided by the 
Forestry Research Institute of Malawi. The species 
were decoded to their full botanic names prior to 
transferring all records into Microsoft-excel data 
sheets. The data were converted to CSV format 
and exported to Rstudio R-3.6.1, for statistical 
computing and graphics. 

 

 
 

Fig. 2. Concentric ground-based sampling plot unit design used in Ntchisi Forest during 2019 
inventory that sampled 13 plots at 95% Confidence Interval and 10% precision error 

 

Table 1. Dimensions and threshold for ground plot measurements 

 
Dimensional Threshold 

Subplot Radius (m) Area (m2) dbh (cm) 

Regeneration 2m 0.001ha <5cm 
Small 6m 0.011ha 5-14.9cm 
Medium 12m 0.045ha 15-29.9cm 
Large 20m 0.126ha ≥30cm 
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2.2.2 AGB computations 
 
Using a threshold of dbh ≥5cm, a total number of 

216 individual trees (observations) were measured 
from the entire 13 PSPs, i.e., n=216 were used for 
AGB calculations. Prior to the calculations, a 
scaling factor (SF) was applied to scale up 
dimension (area) values for each subplot and 
convey estimates of C stock on a hectare basis. The 
step involved conversion of the subplot area unit 
measurements in squared meters (m2) to a per 
hectare (1ha) basis as follows; 
 

SF= 10,000/NA 
 

where; 
 

SF = Scaling Factor to convert per hectare basis 

(dimensionless), 
10,000 = number of squared meters (m2) in one 

hectare, and 
NA= horizontal projected area of nested plot (in 
m2). 

Computation of AGB involved the two sets of the 
local AGB allometry specifically tested and 
developed for Malawi’s Miombo trees and 
published by [2]. Between the two, one employs 
both height and diameter at breast height (dbh) 
while the other factors-in dbh only [13,17]. This 
study preferred the later, due to its capability of 
yielding higher accuracy [13,17], indicated below; 
 

AGB = 0.21691 x dbh2.318391 [17 ,18] 

where; 
 

AGB = above-ground biomass in kilograms of dry 

matter (kg.d.m.) 
dbh = diameter at breast height in centimetres 
(cm) 
h = total tree height in metres (m) taken at breast 

height (vertical height of 1.3m) 
 

A carbon fraction of 0.47 for the entire individual 
Miombo tree species was used to calculate C from 
kilograms of dry matter (kg.d.m.) otherwise referred 
to as biomass [13]. 

2.3 Sentinel-2 Imagery Acquisition and 
Preprocessing 

 
Optical median seasonal composite Sentinel-2 MSI 
2019 imagery from GEE platform were acquired 
over Ntchisi Forest Reserve in July 2021. 
Preference of the datasets, notwithstanding   
being   free   and   open 

(unrestricted), was due to its imaging sensors’ red-
edge (RE) of the Near-InfraRed (NIR) window that 
is used to detect vegetation at moderate 
spectral resolution of 10-20 m (Table 2). 
 
The NIR red-edge spectral region is located in the 
sharp change of canopy reflectance range between 
680nm and 750nm where a slope occurs, providing 
an advantage to mapping vegetation [19], forest 
AGB inclusive. The RE band has low reflectance 
over vegetation canopy due to its strong absorption 
of chlorophyll rendering a high correlation with 
various physiological vegetation parameters, such 
as nitrogen and eventually biomass [19]. It offers the 
RE the significant verge for describing the status of 
plant pigments and health. 
 
Using GEE online platform, the Ntchisi Forest 
Reserve perimeter boundary layer was imported 
and overlaid on Sentinel-2 (S2) imagery to define 
the domain of interest. This was followed by cloud 
masking the imagery using ‘maskS2clouds’ function 
contained in the ‘ggplot2’ library, a process which 
subtracts the contribution of the atmosphere from 
the signal at the satellite to obtain desirable 
radiance that is used for further analysis [8,20]. 
 
The next step involved image filtering using cloud-
pixel percentage and seasonal dates as threshold 
i.e.; post-rainy season covering the period 1 April to 
30 June 2019 and the dry season from 1 July to 30 
October 2019, respectively. Dual seasonal datasets 
were preferred to mono seasonal imagery because 
the former provide the leverage to discriminate and 
account for the seasonality and phenology 
changes, attributes which characterise the 
deciduous formations of Miombo trees’ spectral 
reflectance behaviour [8]. 
 
The subsequent phase involved selection of the 10 
desirable spectral bands (B2, B3, B4, B5, B6, B7, 
B8, B8A, B11 and B12) covering both the post-rainy 
and dry seasons. The study excluded the spectral 
band 1 (B1) because this coastal aerosol channel 
(Table 2) is better at estimating suspended 
sediment in water, an attribute which was not of 
interest for this research. The 10 bands selected 
largely comprise the RE, NIR and the Short-Wave 
Infrared (SWIR). The preference for the RE region 
is due to its capability of being more sensitive to 
vegetation [19,21] which is vital for this study’s AGB 
estimations in the Miombo Woodlands. As afore-
mentioned, the NIR red 
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edge renders high correlation with various 
physiological vegetation parameters, such as 
nitrogen, and eventually biomass [19] which forms 
the gist of this study. 

Conversely, the SWIR preference was due to its 
capabilities of; being negatively correlated to water 
content, but indispensably better at detecting newly 
burnt land, features that reflect highly in these 
channels [22]. These contrasting artefacts remain 
ideal for mapping and modelling the Miombo 
Woodlands (trees) during the both the wet and dry 
seasons [5,23]. This in order to efficiently detect the 
effect fire and loss of trees in relation to AGB during 
the dry period, in contrast to the effect the abundant 
moisture and the leaf-on conditions that typify the 
wet season and affect AGB modelling as well [5,23]. 

The final product of this stage was generation of the 
S2 median composite imagery which was clipped 
using the boundary layer of Ntchisi Forest Reserve. 
The composite images were exported into a GEE 
repository (Google-drive) in the spatial reference 
WGS84 UTM Zone 36S coordinate system. The S2 
imagery were separately uploaded as layer 
stacks in QGIS 
3.10. They were further inspected for proper overlay 
with the ground-based data layer prior to 
exploratory data analysis and statistical modelling. 

2.4 Modelling AGB Using Random 
Forest Algorithm 

Recent studies have shown that biomass 
estimation and modelling using remotely sensed 
data is usually done using either parametric 
approaches (i.e., regression-based models, such 
as multiple linear regression) or non-parametric 
techniques, such as K-nearest neighbor (K-NN), 
Artificial Neural Network (ANN), Regression Tree, 
RF, Support Vector Machine (SVM) and Maximum 
Entropy (MaxEnt), among others [24– 27]. While 
most of these are well-known for their; 
(i) nature of being independent to the effects of 
normal distribution assumptions, (ii) sensitivity to 
outliers, and (iii) its ability to quantify input variables 
into measures of importance, the RF Regression 
analysis was preferred for this study primarily, but, 
not exclusively for its ability to automatically 
balance datasets when a class is more infrequent 
than others in the observations [25–27]. It was 
further advantageous to employ the RF model due 
to its capability of limiting the over-fitting attribute 
that is managed by aggregating many decision 
trees, thereby enhancing accuracy (minimising 
error bias) [ibid]. 

2.4.1 Development and evaluation of random 
forest regression model 

Exploratory data analysis: The Random Forest 
Regression model was run using randomForest 
package (loaded from the randomForest library in 
Rstudio R-3.6.1 software [28]. The data set were 
partitioned into 60% and 40% as training (loaded 
from the random Forest library) and validation 
subsets, respectively [20,28]. The process was 
trailed by an exploratory data analysis (EDA) as 
depicted in the whisker and box plots (Figs. 3 and 
4). 

2.5 Model Parameters Optimisation 

2.5.1 Tuning parameters 

A pre-defined value of 27 was set as the initial 
random number of seed to generate a sequence of 
repeatable results. According to [18], the pinnacle 
of model development rests in its parameters, 
elements that constitute the engine room of the 
model. The process critically involves discovering 
the best combination of parameters to optimally run 
the model while minimising errors. In this RF 
Regression analysis model, the ntree/fitcontrol and 
mtry tuning parameters were engaged [20,28]. The 
ntree controls number of trees to grow in a model. 
In this study it was achieved by subjecting the 
model to ‘fitcontrol’ that applied the train control 
method using the repeatedcv package embedded 
in the caret libray [20,28]. The step involved 5 
repeats of 5- fold cross-validation, implying that 
training dataset were randomly divided into 5 parts 
and used each of the 5 parts as testing dataset. The 
mtry controls number of predictor variables 
randomly sampled as candidates at each split [ibid]. 

The RF regression model generated a data frame 
comprising of 216 individual trees that were 
randomly distributed across Ntchisi Forest Reserve 
(following the ground PSP design) from which AGB 
computations were based. In total there were 
11variables comprising of ten S2 imagery band 
predictor variables and AGB as the eleventh and 
response one. The RF algorithm employed 
regression and RMSE techniques to select the 
optimal model using the smallest value out of which 
2 (mtry) was the final one available for splitting at 
each tree node. The number of trees tried randomly 
was 500 (n=500) [20,28]. This yielded a MSE of 
50320.31 and a percentage Var explained of 3.03 
for the post– rainy season dataset and 50705.61 
and percentage Var explained of 2.29 for the dry 
season. 
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Table 2. Sentinel-2 MSI spectral and spatial resolution 

 
SENTINEL-2A MSI 

Band Spectral Region Wavelength Range (nm) Spatial Resolution (m) 

B1 Coastal aerosols 443 60 
B2 Blue 458-523 10 
B3 Green peak 543-578 10 
B4 Red 650-680 10 
B5 Vegetation Red Edge 698-713 20 
B6 Vegetation Red Edge 733-748 20 
B7 Vegetation Red Edge 773-793 20 
B8 NIR 785-899 10 
B8A NIR (Vegetation Red Edge)/narrow 855-875 20 
B11 SWIR 1565-1655 20 
B12 SWIR 2100-2280 20 

 

Fig. 3. Sentinel-2 MSI imagery for post-rainy season acquired over Ntchisi Forest. The X 
variables are Sentinel-2 imagery band (predictors) for post-rainy season (for the period 01April 

to 30June 2019), denoted as (S2-Apr_Jun2019.1 to S2_Apr_Jun2019.10). They represent the 
following bands; B2, B3, B4, B5, B6, B7, B8, B8A, B11 and B12, respectively. The Y (response) 

variable is the Digital Number (DN) band value(s) correlating to AGB stock 
 

2.6 Variable Importance 
 
Variable Importance technique was employed after 
training the RF algorithm to enhance the 
understanding of the contribution of each variable 
in the model. The process intuitively invokes 
variables that have the most predictive power. It is 
based on experiments on out-of-bag (OOB) 
samples, via destroying the predictive power of a 
feature without changing its marginal distribution 
[28,29]. The OOB error is the average error for 
each feature calculated using predictions from the 
trees that do not contain in 

their respective bootstrap sample [29]. This allows 
the RandomForestClassifier to be fit and validated 
whilst being trained. Hence, the OOB sample data 
are used to evaluate performance, while the 
importance measures are computed based on 
the proportion between misclassifications and the 
OOB sample [28]. 
 

The Variable Importance technique is derived from 
two measures; the first bases on accuracy level of 
model predictions that decreases when one 
variable value is permuted (excluded) between 
instances, otherwise, known as the 
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mean decrease in accuracy (MDA) [30]. The 
process is further categorised into outcome classes 
i.e., the larger the MDA, the more the variable 
contributes to the accuracy of the model [31]. The 
second bases its measure on the decrease of Gini 
impurity when a variable is chosen to split a node. 
The implication, therefore, is that variables with high 
importance drive the outcome and consequently, 
their values bear significant impact on the outcome 
values. Conversely, the variables with low 
importance might be omitted, thereby, rendering it 
simpler and faster to fit and predict a model. 
 

3. RESULTS AND DISCUSSION 
 

3.1 Forest Masks/Band Contribution 
 

Generally, forests are distinguished by both low 
Near-Infrared Radiation (NIR) and Red-edge values 
[32]. The contribution of different S2-band 
parameters to the AGB model is shown in Figs. 
5 and 6 for this study. For both the post- rainy and 
dry seasons, the NIR infrared (B8) and NIR-
vegetation red edge (B8A) have emerged the most 
important input variables for delineating the forest 
cover distribution and determining the AGB with 
Digital Number (DN) maximum value of 
50.  This  can  be  attributed  to  the  spectral 

reflectance behaviour of the Miombo forest cover 
(trees) in both seasons which has high values in the 
NIR and, RED and relatively high in the Red- edge 
channels of S2 imagery, as these parameters 
contribute the most in forest biomass recognition. 
 
This is further explained by the fact that vegetation 
spectral reflectance in the visible window of the 
Electromagnetic Spectrum (EMS) is based on 
chlorophyll and water absorption in the leaves 
[19,21,33]. Hence; under normal circumstances, 
healthy tree leaves absorb Red and Blue bands and 
thereby leaving the Green band to scatter and 
reflect highly [21]. However, for the post-rainy 
season the magnitude of the Vegetation Red-Edge 
(B5, B6 and B7) is also significantly apparent in 
delineating forest cover and determining AGB of 
Ntchisi Forest. This can be attributed to the fact that 
during the post-rainy season (which technically 
comes immediately after the rains stopped and 
coincides with winter in Malawi) the Miombo tree 
species still have leaves on (had green leaves) 
whereas other lower vegetation such as grasses 
have theirs withered, thereby giving a clear spectral 
distinction between the trees and other non-tree 
features and consequently providing a relatively 
normal reflectance. 

 

 

 
 

Fig. 4. Sentinel-2 MSI imagery for dry season acquired over Ntchisi Forest. The X variables are 
Sentinel-2 imagery band (predictors) for dry season (for the period 1 July - 30 October 2019), 

denoted as (S2-Jul_Oct2019.1 to S2_Jul_Oct2019.10). They represent the following bands; B2, 
B3, B4, B5, B6, B7, B8, B8A, B11 and B12 respectively. Similarly, the Y (response) variable is 

the Digital Number (DN) band value(s) correlating to AGB stock 
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Fig. 5. Ntchisi Forest Band Distribution Density (in Digital Number values) for Post-Rainy 
Season (S2 imagery covering 2ndApril to 30th June 2019). (S2-Apr_Jun2019.1 to 

S2_Apr_Jun2019.10 =B2, B3, B4, B5, B6, B7, B8, B8A, B11 and B12) 
 

Differently, the effect of dry season on spectral 
reflectance is conspicuously depicted in the 
magnitude range of 0.05-0.04 DN values for B2-
B8A (Fig. 6) which ranged between 0.1-0.5 for the 
same bands during the post rainy season. The 
relatively lower spectral reflectance in the dry 
season of Miombo Woodlands is characterised by 
the hot season and fires [34,35], attributes which 
correspondingly resulted to less chlorophyll and 
water absorption. These phenomena 
simultaneously increased water loss, thus signifying 
unhealthy conditions that contributed to slightly 
enhanced scattering in the Blue band (B2) which 
registered the lowest range (0.05-0.2) during the dry 
season. This could be ascribable also to the fact 
that the 2019 dry season (1st July-30th October) 
registered one of the extreme weather conditions 
(hottest and driest) in Malawi, attained its peak in 
October when the mean daily temperatures ranged 
from 
29.2oC to 42.1oC [24]. In Southern Africa Tropics, 
Miombo Woodlands inclusive, dry periods lead to 

an additional decrease in surface moisture that 
affects all land cover classes [36]. 
 

A study on Miombo Woodlands of Malawi observed 
that any changes in moisture pattern i.e., early rains 
or late rains, reduced or prolonged dry season are 
likely to affect reflectance pattern in [37]. The 
extreme heat and dry condition must have affected 
the surface moisture of the tree biomass reflectance 
below the required threshold in the dry season. It is, 
therefore, not a surprise that several studies have 
recommended the use of averaged Vegetation 
Indices (VI) for detailed investigations of the 
seasonal trends of forests that involve retrieval 
of vegetation cover and reflectivity [27,38,39]. 
These include, but are not limited to Normalised 
Difference Vegetation Index (NDVI), Enhanced 
Vegetation Index (EVI), SAVI (Soil-Adjusted 
Vegetation Index) and MSAVI (Modified Soil-
Adjusted Vegetation Index). 
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Fig. 6. Ntchisi Forest Band Distribution Density (in Digital Number values) for Dry Season (S2 
imagery covering 1st July to 30th October 2019). (S2-July_Oct2019.1 to S2_July_Oct2019.10 

=B2, B3, B4, B5, B6, B7, B8, B8A, B11 and B12) 

 

 
Fig. 7. Dry Season attributes affecting AGB modelling in Ntchisi Forest: (Top-left) Tree leaf-off 
condition and (Top-right) rock outcrop during ground survey. (Bottom-left) Forest fire (burnt 

area) and (Bottom-right) rock outcrop depicted from aerial orthomosaics 
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Fig. 8. Random forest variable importance for post-rainy season (left) and dry season (right) 
 
 

 
Fig. 9. Random forest final model performance for post-rainy season (left) and dry season 

(right) 
 

3.2 Performance of RF Classifier for 
Ntchisi Forest Cover Classification 

 
Summary of the performance of RF Classifier is 
depicted in Fig. 9. For both seasons, the RF 
regression algorithm optimal final RMSE value 
selected for the model (mtry) for splitting at each 
tree node was 2 while the number of trees tried 
randomly was 500 [20,28]. Through Variable 
Importance techniques the study analysed the 
relative importance of the contribution of the most 
important band variables for estimating AGB in two 
seasons. The greatest contributions (MDA >80) for 
the post-rainy season (between 01April and 30June 
2019) were derived from the following 3 bands; Blue 
(S2-Apr_Jun2019.1), Green (S2-Apr_Jun2019.2), 
and NIR (S2- Apr_Jun2019.7). For the dry season 
(between 01 July and 30 October 2019), the highest 
contributions (MDA >52) originated from the 
following 3 bands; (i) NIR (S2-July_Oct2019.7), 
Red (S2-July_Oct2019.3), and Blue (S2-July_Oct 
2019.1), respectively. As afore-mentioned, the 

trend observed confirms the importance of the NIR 
bands in AGB mapping. It further underscores the 
importance of dual or multi- seasonal datasets as 
opposed to mono-seasonal ones in understanding 
AGB estimations, given the rugged terrain, complex 
seasonal and morphological aspects of Miombo 
forest vegetation in the study area. 

The >80 and >52 MDA difference values observed 
in the post-rainy and dry seasons can be attributed 
to the leaf-on and leaf-off conditions experienced in 
the two different seasons, respectively. Overall, 
these results show the effectiveness of the RF 
regression, i.e., its ability to model AGB using 
different spectral and seasonal spatial variables 
during the classification. 

The results further indicate that during the post- 
rainy season, the AGB ranged from 25-78tCha-1. 
On the other hand, the range for the dry season was 
33-82tCha-1. The results for 2016 REDD+ terrestrial 
inventory conducted in the same forest 
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estimated a mean AGB of 45tCha-1 with a standard 
deviation of 19.4tCha-1 [13]. Therefore, the AGB 
estimates/results obtained from the Randomforest 
model for this current study agree with the expected 
stocks assessed and projected during the 2016 
ground-based inventory [13]. However, the 
interplay of forest fire and wood harvesting (poles, 
firewood, timber, medicine and charcoal making) 
characterise the study area as well [9,40,41]. 
These anthropogenic activities can be attributed to 
the differences observed in the mean AGB stock 
estimated in this study and the one estimated 
during 2016 inventory. 

4. CONCLUSIONS 

The study has revealed that RF Regression model 
Machine Learning technique is an effective method 
for estimating and modelling AGB in the rugged 
terrain Miombo Woodlands of Malawi. It has 
underlined the importance of Near- Infra-Red and 
the Red regions of the EMS for successful 
modelling of AGB as well as delineating forest cover 
from non-forest attributes in the Woodlands, under 
the given conditions. Furthermore, the RF model 
has produced AGB maps whose minimum 
estimates agree with the previous terrestrial 
findings, thereby underscoring its accuracy. 
However, the study recommends modelling and 
mapping of AGB using averaged VIs that 
includes, but are not limited to NDVI, SAVI, and 
MSAVI, for robust results. 
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