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Part I: Research paper 
Abstract  

Identifying river geodiversity in Lower Mekong tributaries using 

supervised classification of Sentinel-2 imagery 

This project aims to improve the environmental data available for river 

basin managers when deciding Freshwater Protected Area (FPA) location. 

Due to the absence of information on critical habitat location and difficulty 

in obtaining local ecological knowledge at large scales, FPA establishment 

is based on socioeconomic indicators rather than environmental 

indicators.  

This study investigates the methods and extent to which supervised 

classification of Sentinel-2imagery could be used to identify areas with 

high river geodiversity, acting as a proxy for river biodiversity. Land use 

and geomorphological river features were classified for the Xe Banghieng, 

Sekong and Sesan rivers in Laos and Cambodia.  

All analyses were carried out using open-source data in QGIS, Google 

Earth Engine, and Microsoft Excel. Existing FPAs were found to feature a 

high occurrence of deep pools and sandy/rocky geomorphological river 

features (GMRF). A methodology for GMRF detection and identification 

through supervised classification was developed on Xe Banghieng river 

and extrapolated for application to the Sekong and the Lower Sesan 

rivers. This was then analysed using a processing model to find 

hydrobasins with the highest percentage of in-channel GMRF area, the 

chosen proxy for river geodiversity.  

The Xe Banghieng has the most detected GMRF from all the rivers 

studied, and downstream hydrobasins had a higher percentage of GMRF 

area within the river channel. In the Sekong river, upstream has a GMRF 

deficit, and the top five hydrobasins are located either side of the Laos-

Cambodia border. The Sesan river has a GMRF deficit below the Lower 

Sesan Dam II.  



4 

 

1. Introduction 

1.1 Study Area 

The 3S rivers (Sekong, Sesan, and Sre Pok) are tributaries of the lower 

Mekong River and account for 60% of its flow (Constable, 2015). Asia has 

60% of the word’s human population, but only 9% of the truly 

permanent, and 35% of the contemporary seasonal water (Pekel et al., 

2016). The 3S river basin is one of the local climate change hotspots in 

the region (Trang et al., 2017, 2020; Lee and Dang, 2020): it is projected 

to become warmer and wetter during the wet season (March-April), but 

with serious declines in water availability during the dry season (August-

September), especially the Sekong and Srepok basins (Trang et al., 

2020).  

Local rivers provide a range of ecosystem services (Souter et al., 2020): 

there is a significant migrating fish population in the Mekong basin and 1 

million tonnes of freshwater fish are caught in Cambodian and Vietnamese 

floodplains each year (Ziv et al., 2012; Karpova et al., 2021). However, 

rivers are under increasing pressure from human exploitation and habitat 

disturbance (Baird and Flaherty, 2005; Loury et al., 2021). Water is being 

over-abstracted for agriculture irrigation (Welcomme, Winemiller and 

Cowx, 2006) and land use change, including hydropower dam 

development, is impacting the water catchment, river morphology (Ziv et 

al., 2012; Souter et al., 2020) and sediment transport (Shrestha et al., 

2018). River-bed mining causes morphological changes, primarily bank 

and delta shoreline erosion, differences in sedimentation rates, and 

erasure of deep pools (Brunier et al., 2014). 
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Figure 1:  Xe Banghieng, Sekong and Sesan rivers study area in Laos and 

Cambodia, South East Asia 

1.2 River Conservation: Freshwater Protected Areas 

In general, freshwater habitats are more difficult to conserve than 

terrestrial systems due to time lags in outcomes, high connectivity, and 

threat propagation (Adams et al., 2015). River conservation must combat 

pressure on natural resources, pollution, spatial and seasonal change in 

water availability. One way of doing this is by establishing Freshwater 



6 

 

Protected Areas (FPAs). FPAs benefit biodiversity by decreasing or 

removing stressors and fishing pressures (Adams et al., 2015) either 

year-round or seasonally (Baird, 2006). Other names used for this type of 

management in South East Asia include “fish sanctuaries”, “fish 

conservation zones”, “community conserved zones”, and “community 

fishery areas” (Baird, 2006; Adams et al., 2015; Loury et al., 2018). 

An FPA is established at community level often in cooperation with 

external organisations and government agencies. The aims of FPAs 

include improved food security, conserving biodiversity, and alleviating 

poverty (Baird, 2006). Discrete FPAs offer some protection and have 

shown positive results in the past but are only small fragments of a bigger 

unprotected system (Loury et al., 2021).  

Many factors are taken into account when choosing FPAs location. In Laos 

(including on the Xe Banghieng river) FPAs are established by the local 

community in fish spawning and refuge areas (Baird, 2006). When 

establishing FPAs in Cambodia, the government looks at indicators of 

socio-economic potential, governance potential and environmental 

potential (Fisheries Administration, 2019). Environmental potential 

indicators include the presence of critical habitats, water quality, 

composition and structure of local species’ community, focal species 

population structure, and habitat distribution and complexity (Fisheries 

Administration, 2019; Loury et al., 2021).  

However, data is lacking for many of these indicators (Baird and Flaherty, 

2005; Cooke et al., 2016). Habitat distribution and complexity (such as 

the inclusion of critical habitats of interest and overall habitat quality) are 

the biggest predictors of biodiversity, but no standard quantification 

method exists; local ecological knowledge and visual census methods are 

used instead (Baird, 2000; Baird and Flaherty, 2005; Loury and Ainsley, 

2020). Aquatic biodiversity (especially fish-oriented) is also difficult to 

measure, especially in lowland floodplains and large rivers (Welcomme, 

Winemiller and Cowx, 2006) and no accurate catch-per-unit-effort data is 
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available for the region (Baird and Flaherty, 2005; Fisheries 

Administration, 2019).  As a result, site selection is often opportunistic 

and with no standardized criteria for freshwater habitats (Loury and 

Ainsley, 2020). 

1.3 Geodiversity as a Biophysical Indicator 

Microhabitat diversity and protection are critical for preserving the 

greatest range of biodiversity (Welcomme, Winemiller and Cowx, 2006; 

Lawler et al., 2015). However, there is little consensus on which abiotic 

factors are most important for biodiversity conservation in general, and 

this is  especially understudied in freshwater systems (Baird and Flaherty, 

2005; Toivanen et al., 2019). Some abiotic variables (such as area size, 

age, localized gradient, water velocity and water quality) indicate the 

physical and chemical conditions of a river at a specific sampling time 

(Baird and Flaherty, 2005; Toivanen et al., 2019). Nevertheless, 

catchment-scale variables should also be included because they are 

unchanging and influence the rest of the ecological system, particularly 

geodiversity, the diversity of surfaces, materials and processes (Gray, 

2013).  

Geodiversity has been linked to biodiversity because a variety of habitat 

types is able to sustain a wider range of species, including in freshwater 

systems (Kärnä et al., 2018, 2019; Toivanen et al., 2019). Geodiversity is 

also a good way to quantify the heterogeneity of an abiotic environment 

(Zwoliński, Najwer and Giardino, 2018; Gonçalves et al., 2020). 

1.3.1 Geomorphological River Features 

Geodiversity in rivers includes riverbed material, riverbank type, 

sinuosity, and a variety of geomorphological river features (GMRF), 

around which FPAs are frequently established. These include deepwater 

pools (Baird, 2006), floodplains, deep pools, rapids, river wetlands, fish 

breeding sites, and fish nurseries (Fisheries Administration, 2019).  

An overview of river features usually used to determine habitat suitability 

for FPAs can be found below in Table 1. The relative importance of these 



8 

 

GMRFs in boosting freshwater biodiversity is unstudied, but 

heterogeneity, potential fish breeding sites (floodplains and permanent 

wetlands), and deep pools (drought refugia) are deemed most important 

(Poulsen et al., 2002; Baird, 2006). Rapids are not ranked as important 

because although they feature specific biodiversity, they are not as 

common and act as obstacles for fish migration and movement (Baird, 

2006; Fisheries Administration, 2019; Loury and Ainsley, 2020). 

1.4 GIS, Remote Sensing and Classification  

The use of remote sensing to study geodiversity is increasing in popularity 

(Smith and Pain, 2009; Boothroyd et al., 2021), but to date it appears no 

one has used satellite imagery to investigate river geodiversity in this 

region. Previous studies have mainly focused on individual aspects of river 

morphology beneficial for fish (Wang et al., 2020), fluvial dynamics 

(Henshaw et al., 2013), or river chemistry (Boothroyd et al., 2021). 

Table 1: an overview of river features and their contributions to 

freshwater biodiversity.  

River feature 
name  

Details 

Rapids Rapids are oxygenated habitats. They feature specific 
biodiversity, but can act as obstacles to movement (Kottelat 

et al., 2012) 

Pools (including 
deep pools) 

Deep pools in the river are important habitats (due to the 
range of abiotic features they have) and refuges for river fish 

during the dry season (Poulsen et al., 2002). The Mekong 
main stem has been mapped for deep pools: there are at 
least 70 in Laos and 100 in Cambodia (Poulsen et al., 2002; 

Halls et al., 2013). 

Spawning areas Fish breeding sites are essential and limited to certain areas 

and conditions, such as gravel beds, sandy beaches, rocky 
outcrops and sloping riverbanks. After hatching, young fish 
move to fish nursery habitats (Kottelat et al., 2012). 

Floodplains Important fish breeding and feeding grounds. Essential for 
fishery productivity, especially in the Mekong (Winemiller, 

Agostinho and Caramaschi, 2008). 

Permanent waters Permanent wetlands such as lakes, ponds, reservoirs, et 
cetera are refuges for floodplain fish during the dry season 

(Brooks and Sieu, 2016). 

In-channel 

wetlands 
(vegetated island) 

Have a diversity of habitats beneficial to fish, their 

reproduction and their feeding (Kottelat et al., 2012). 

Sinuosity and 

tributary 
confluences 

Meanders, bends, and river braids all shape stream power 

and habitat qualities, such as depth, presence of sloping 
riverbanks, water temperature and more. Tributaries bring 
additional flow and sediment (Hackney and Carling, 2011). 
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Despite this, GIS methods using satellite imagery could be used to 

identify and spatially analyse GMRF. Combination of GIS with machine 

learning, (the ability of a computer to adapt and learn using algorithms 

and statistical models, rather than explicit instructions, to analyse and 

infer data) (Hird et al., 2017), could enable the differentiation between 

landscape characteristics (including GMRF) by their spectral signatures in 

remotely sensed images on a large scale. 

One such example is supervised classification of satellite images. This is 

when a training dataset with examples of multiple classes (master-classes 

and sub-classes) is extrapolated to large volumes of data (Belgiu et al., 

2016) to create geographically referenced classification maps (Lillesand, 

Kiefer and Chipman, 2015).  

In remote sensing, this process is complex, because each spectral band of 

a satellite image acts as a separate dimension. Recent advancements in 

coverage, spatial and spectral resolution are improving our ability to 

classify spatial data more precisely (Belgiu et al., 2016). Nonetheless, 

sample size and image resolution all contribute to determining 

classification accuracy (Topaloǧlu, Sertel and Musaoǧlu, 2016). 

1.5 Research Questions and Aims 

Title: Identifying river geodiversity in Lower Mekong tributaries using 

supervised classification of Sentinel-2 imagery 

The goal for the project is to improve the environmental information 

available for river basin managers when deciding funding for Freshwater 

Protected Areas (FPAs) in the region by providing empirical evidence of 

high geodiversity regions (a proxy for high biodiversity contribution).  

This will be a novel approach into examining river geodiversity and 

combining remote sensing and supervised classification for freshwater 

habitats. To allow maximum visibility of the GMRF being identified, the 

dry season (March-April) of rivers in the lower Mekong river basin were 

studied. 
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4 key objectives were identified: 

1. Determine common geodiversity features of existing FPAs; 

2. Supervised classification of remote sensing imagery to identify GMRF 

and river bank land use on Xe Banghieng river, Laos; 

3. Extrapolation of supervised classification technique to other tributaries 

in the Lower Mekong river basin and, for each tributary, identification 

of the most geodiverse hydrobasins.  

2. Methodology 

The methodology can be divided into four phases:  

1. Remote desk-based study of existing FPAs in Savannakhet province, 

Laos; 

2. Supervised classification of Sentinel-2 data for Xe Banghieng river, 

Laos;  

3. Processing model to calculate the class area for river-channel and 

riverbank features per hydrobasin 

4. Extrapolation of the supervised classification technique to other Lower 

Mekong tributaries. 

2.1 Phase 1: Existing FPAs in Savannakhet Province (Laos)  

There are 42 are existing FPAs in Savannakhet Province, Laos. 13 of these 

are on Xe Banghieng river. Data on their location, name, associated 

village, and many other socioeconomic statistics was sourced from a WWF 

Laos dataset (WWF, 2021). Additional data was collected in a remote field 

survey by visual assessment of satellite imagery on Google Earth Engine.  
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Figure 2: Example of geomorphological river feature data collected from 

Keangkatay Freshwater Protected Area (FPA), Savannakhet Province, Laos. 

The immediate FPA boundary is shown in dashed turquoise. Satellite image from CNES/ 

Airbus, Maxar Technologies, as seen in Google Earth Engine. Rapids are visible both 

above and below the FPA. There is a sloping, sandy riverbank, some in-channel 

wetlands, and rocky outcrops on the riverbank. Data on deep pool existence was taken 

from WWF Laos. 

To investigate correlation between existing FPAs and presence of specific 

types of GMRF, a desk-based study was conducted whereby the area of 

existing FPAs was visually surveyed for the presence/ absence of 

individual GMRF types, and tributaries, vegetation and infrastructure 

surrounding the FPAs (a 200m radius for vegetation to encompass the 

riparian strip, and 1km for infrastructure). This was done using Google 

Earth Engine’s Maxar/ CNES satellite background, MODIS and Landsat 

Normalized Difference Vegetation Index, and the Global Surface Water 

Dataset to show the extent and seasonality of the river (Pudilova, 2021). 

2.2 Phase 2: Supervised Classification 

The Semi-automatic Classification Plugin in QGIS (Congedo, 2020) was 

chosen because it supports supervised and unsupervised classification, 

simple training dataset creation, tools to inspect spectral signatures, and 

master-classes (also known as macro-classes) to be subdivided into 

multiple sub-classes (Congedo, 2020). 
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The results from Phase 1 were adapted for 

use in remote sensing. Rocky outcrops, 

islands and in-channel wetlands were 

grouped together into a “rocky” sub-class of 

geomorphological river feature (GMRF) 

master-class. The other sub-class was 

“sandy”, and rapids were a sub-class of the 

water master-class. Other sub-classes 

indicate land use (types of infrastructure, 

vegetation and water), or cloud cover. 

Finally, sinuosity was calculated for each hydrobasin. Hydrobasins are 

polygons depicting watershed boundaries. The hydrobasins used for this 

project are the smallest, most detailed “level 12 basins” provided by the 

World Wildlife Fund HydroSHEDS database (Lehner, 2014). Sinuosity is 

calculated as the length of the channel divided by the downvalley length: 

the distance between the river entry point and exit point to the 

hydrobasin (Vecchiotti, 2008). It is indicative of the river bedrock, river 

speed and river area for each hydrobasin (Mueller, 2010). 

2.2.1 Image selection and pre-processing 

All datasets were taken from the dry season (March 1st to April 31st) 2019 

– the driest year in the region in the last five years. This enabled better 

visibility of GMRF in the river channel. Sentinel-2 (2A) images with less 

than 10% cloud cover were assessed for suitability in the study. Three 

Sentinel 2 scenes were downloaded (Pudilova, 2021). Clouds were 

masked and clipped to the study region (a 5km buffer around the Xe 

Banghieng river and its tributaries) in the Semi-automatic Classification 

Plugin (Figure 3). 

Table 2: Master and sub-

classes identified for 

supervised classification 

Masterclass Sub-class 

GMRF Rocky 

Sandy 

Infrastructure Settlement 

Road 

Vegetation Dense 

Sparse 

Agriculture 

Water Shallow 

River 

Rapid 

Cloud Cloud 
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Figure 3: Study area 5km buffer around Xe Banghieng River and Surrounding 

Tributaries (Savannakhet Province, Laos) 

2.2.2 Supervised classification 

Training datasets consisting of polygons representing each of the 11 sub-

classes (table 2) were created throughout the 17 hydrobasins along the 

Xe Banghieng river. A minimum of 5 polygons were created for each 

subclass, with an average of 15 polygons and 170 in total.  

Spectral signatures were calculated for all training polygons and outliers 

were removed. The remaining polygon spectral signatures were merged 

and the classification was run using a minimum distance algorithm in the 

SCP plugin for both masterclasses and sub-classes (see Pudilova (2021) 

for reason behind choice of algorithm). Overall accuracy results and 

kappa coefficients were tested against the validation dataset. 
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2.3 Phase 3: Processing model to calculate the class area for 

river-channel and riverbank features per hydrobasin 

 
Figure 4: Processing model to analyse river channel 200m buffer and river bank 

200m buffer, creating a table of class pixel area and proportions for each 

hydrobasin. 

A processing model (P. Knight, personal communication, June 2021) is 

used to extract and reproject (to EPSG:32648) data from the river centre 

line from the Global River Widths from Landsat (GRWL) dataset (Allen and 

Pavelsky, 2018), previously filtered to include only the river sections of 

interest, and hydrobasins. Eliminate pixels misclassified as GMRF, only 

GMRF within the river channel need to be analysed: a buffer of 200m (to 

correct for GRWL inaccuracies) is added to the centreline to include the 

river channel and immediate bank (called “in-channel”). To analyse the 

riparian strip around the river, a further 200m buffer is categorised as 

“river bank”. Finally, zonal histograms were created for each sub-class for 

each individual hydrobasin (shown as number of 10m×10m pixels 

classified). The full python code is available in the technical report 

(Pudilova, 2021). 

Subsequently in Excel, results from the processing model were sorted. 

Hydrobasins containing only a small section of river (less than 100m) 

were removed. The total area of river channel is calculated by adding all 

water and GMRF classes, and total bank area is calculated by adding all 
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vegetation and infrastructure classes. Any small elements of cloud class 

were ignored. The proportion of area in-channel/ bank sub-classes, and 

total percentage of in-channel GMRF area is also calculated. 

2.4 Phase 4: Extrapolation of supervised classification 
technique to the Sekong and Sesan rivers 

The ability to extrapolate the technique used above to areas where FPAs 

have not yet been established would be very useful, as it gives decision-

makers access to new information about the location of hydrobasins with 

high levels of GMRF area - a valuable visual summary of river geodiversity 

and an indicator of the range of abiotic features within rivers. 

When extrapolating the supervised classification method from Xe 

Banghieng to other rivers, best results were achieved when separate 

training datasets were created for each Sentinel image. When pre-

processing the image, the clipped size of the satellite image area was 

reduced from 5km to 0.5km: only a total of 400m buffer is needed for the 

processing model analysis (200m for the river channel and 200m for the 

riparian strip, see previous section). The steps to creating a new training 

dataset (Section 2.2.2) and running the processing model (Section 2.3) 

were repeated. 

Two rivers were identified as suitable areas for further analysis: the 

Sekong (from Sekong Province to Stung Treng) and the lower Sesan 

(from hydropower dam Lower Sesan 2 to Stung Treng).  

This dissertation is focusing on geodiversity through river GMRF; 

therefore, the decision was made to focus solely on GMRF within the river 

channel. Sinuosity, proportion of greenery, and number of river tributaries 

per hydrobasin were no longer analysed for the other river systems.  
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3. Key findings 

3.1 Phase 1: Existing FPAs in Savannakhet Province (Laos)  

To determine if there is a correlation between existing FPAs and presence 

of specific types of GMRF, the presence/ absence frequency of individual 

GMRF types was analysed (Figure 5, below).  

 
Figure 5: Frequency of Geomorphological River Feature Occurrence in River 

Freshwater Protected Areas in Xe Banghieng River in Savannakhet Province, 

Laos.  

84% of existing FPAs are documented to have a pool in the WWF Laos database. A visual 

survey of Maxar/ CNES Satellite imagery, rapids (either above or below the FPA) were 

observed in 56% of FPAs, rocky outcrops in 48%, sandy riverbanks in 44%, and 

combined, islands and in-channel wetlands (a semi-vegetated island) were observed in 

32% of FPAs. 

Pools were the most common indicator of an existing FPA, but these could 

not be detected from the satellite imagery, so this data was obtained from 

the WWF Laos dataset (WWF, 2021). Rapids, rocky outcrops, and sandy 

(sloping) riverbanks were also features commonly associated with FPAs. 

In-channel wetlands and islands were sometimes also present within 

them. Floodplains and waterfalls were not present in any of the FPAs 

surveyed. 67% of riverbeds containing FPAs were bedrock, 33% gravel, 

and 16% were not available due to water turbidity. Riverbanks were 79% 

sloping and 21% vertical. The average normalized difference vegetation 
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index (NDVI) value within a 200m radius around the FPAs was calculated 

to be 0.60, with a standard deviation of 0.11. 

 
Figure 6: Occurrence Frequency (%) of Infrastructure and Tributaries for 

Freshwater Protected Areas on Xe Banghieng River in Savannakhet Province, 

Laos.  

54% of existing FPAs were within 200m of agricultural fields, 40% within 1km distance 

of a human settlement, 13% within 1km of an aquaculture pond. 38% of FPAs were 

located at a tributary confluence, and only 8% had a road along the riverbank. 

3.2 Phase 2: Supervised Classification 

Figure 7 below shows the spectral signatures of GMRFs and other land use 

types around Xe Banghieng river. There is slight overlap between 

vegetation and infrastructure classes (as expected for the dry season). 

Originally, sandy and rocky GMRFs were separate master-classes (Fig 8, 

right), but this caused misclassification of vegetation and infrastructure. 

Therefore, they rocky and sandy features were combined into a GMRF 

master-class, but kept separate as sub-classes (table 2). 
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The classification was run for both master-classes and sub-classes. Pixel 

sums, percentage area and overall area were generated for each class. 

The results are for the full 5km buffer around the Xe Banghieng river and 

are shown in table 3 below. Of the 2.34% area classified as GMRF , 

roughly three quarters were rocky (1.81%) and one quarter were sandy. 

Due to the large 5km buffer used around the Xe Banghieng river, most of 

the pixels identified were in the vegetation class (82.1% overall). Of the 

2.68% water master-class pixels, only roughly one third of which were 

river sub-class, but half were classified as rapids. This may be because 

rapids are essentially river, but with high water turbidity, high reflectance 

from small waves (which are due to wind), and perhaps small rocky 

GMRF. The 9.96% infrastructure master-class pixels were split almost 

evenly between the road and settlement sub-classes, possibly due to their 

similar spectral signatures. Finally, the same percentage of pixels were 

identified as clouds in both the master-class and sub-class classifications 

(2.82%).  

In general, rocky and sandy GMRF were distinguished well, and water 

class was able to find village aquaculture ponds better than visual survey 

in Google Earth Engine. Figure 8 shows a comparison of Google Earth 

Engine satellite view, Sentinel-master classes classification, and sentinel 

sub-classes classification for three existing FPAs. 

  
Figure 7: Spectral Signatures of Land Use Types around Xe Banghieng River 

Sandy and rocky GMRF, vegetation, infrastructure, and water spectral signatures 

(left). GMRF error bands (right). 
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Table 3: Outcomes of Xe Banghieng supervised classification 

Pixel sum, pixel % and overall area (in m2) for both master-class and sub-class 

classification. This table omits unclassified results (the analysis occurs within a 

rectangle containing the river’s 5km buffer, therefore 76% of that rectangle was 

unclassified). 

Type Class Name Pixel Sum Percentage (%) Area (km2) 

Master

-class 

Geomorphological 

River Features 1404869 2.34 140.4869 

Vegetation 49340213 82.1 4934.0213 

Water  1609455 2.68 160.9455 

Infrastructure 5982550 9.96 598.2550 

Clouds 1697423 2.82 169.7423 

Sub-

class 

Rocky GMRF 1085203 1.81 108.5203 

Sandy GMRF 319666 0.53 31.9666 

Sparse Vegetation 17564538 29.3 1756.4538 

Dense Vegetation 20815842 34.7 2081.5842 

Agriculture 10959833 18.3 1095.9833 

Shallow Water 243114 0.4 24.3114 

River 560278 0.93 56.0278 

Rapids (Water) 806063 1.34 80.6063 

Road 2851452 4.75 285.1452 

Settlement 3131098 5.22 313.1098 

Clouds 1697423 2.82 169.7423 
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Figure 8: Comparison of 

satellite imagery (CNES/ 

Maxar from Google Earth 

Engine, left) and 

supervised classification 

results (master-class, 

middle; sub-class, right) 

for three FPAs on Xe 

Banghieng river. 

 

3.2.1 Accuracy calculations 

To assess the accuracy of models, overall accuracy, user’s accuracy, 

producer’s accuracy, and the kappa coefficient were calculated (table 4 

and subsequent explanations on the next page). 
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Table 4: Error matrix (pixel count) for master-class of supervised 

classification of land use and GMRF, Xe Banghieng river and 5km buffer, Laos. 

Class 0 is unclassified, 1 is infrastructure, 2 is vegetation, 3 is water, 5 is gmrf, and 6 

is cloud. 

  Validation class 

 Class ID 0 1 2 3 5 6 TOTAL 

C
la

s
s
if
ic

a
ti
o
n
 c

la
s
s
 0 0 0 0 0 0 0 0 

1 0 5816 14101 2169 4704 1091 27881 

2 0 5257 140051 2301 2376 1530 151515 

3 0 291 654 59146 2977 4664 67732 

5 0 1469 724 3583 28628 8581 42985 

6 0 69 34 369 361 41604 42437 

TOTAL 0 

1290

2 155564 67568 39046 57470 332550 

Calculations 

User’s accuracy (%) N/A 20.86 92.43 87.32 66.60 98.04  

Commission error N/A 0.79 0.08 0.13 0.33 0.02  

Producer’s accuracy 

(%) N/A 45.08 90.03 87.54 73.32 72.39  

Omission error N/A 0.55 0.10 0.12 0.27 0.28  

Overall accuracy (%) 82.77 

Kappa coefficient 0.78 

User’s accuracy is the percentage of correct samples for each 

classification class (Congalton and Green, 2019). Clouds, vegetation and 

water had the highest user’s accuracy (98%, 92%, and 83%, 

respectively). GMRF had 66% user’s accuracy – most commission errors 

(the proportion of misclassified pixels) were due to confusion with 

infrastructure. Producer’s accuracy is the percentage of correct samples 

for the ground truth classes (Congedo, 2020).  It was highest for 

vegetation (90%) and lowest for infrastructure (45%). 

Overall accuracy is percentage probability that a pixel correctly classified 

(the sum of the major diagonal, bold and colourful in Table 4 above), and 

the total number of samples (Congalton and Green, 2019). The overall 

accuracy is 82.77%. 

The kappa coefficient (how much better than random chance) is 

calculated as (overall accuracy – random accuracy)/(1-random accuracy). 

Random accuracy was 0.2 because there are five possible classes. The 
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kappa coefficient was 0.7846 - a high kappa score (close to 1) denotes 

more accurate classifications (Congalton and Green, 2019).  

3.3 Phase 3: Processing model to calculate the class area for 
river-channel and riverbank features per hydrobasin 

Additional calculations of sinuosity (Figure 9) and tributary numbers 

(Figure 10) are shown alongside percentage of in-channel GMRF area 

(Figure 11) and proportion of riparian strip that is dense vegetation 

(Figure 12). The full processing model output and subsequent calculations 

can be seen in the technical report (Pudilova, 2021) 

 
Figure 9: Xe Banghieng river sinuosity of each hydrobasin 

Hydrobasins 4121577690, 4121097400 and 4121576970 are the most sinuous (2.14, 

2.07 and 2.03, respectively). Hydrobasins 4121096930 and 4121578120 had the 

lowest sinuosity (0.94 and 1.04, respectively). The average hydrobasin sinuosity was 

1.54. Hydrobasins most upstream (top right corner) were more sinuous than 

downstream. 

 

 

Figure 10: Xe Banghieng river tributary count of each hydrobasin 

Most hydrobasins did not have tributary confluences, but hydrobasin 4121097860 had 

4 tributaries. Tributaries were counted manually by visual survey of confluences and 

cross-checking with the GLoRiC database. 
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Figure 11: Xe Banghieng river percentage of in-channel GMRF area of each 

hydrobasin 

Hydrobasins 4121578750, 4121577940 and 4121578070 had the highest percentage 

of GMRF area within the river channel (41.63, 40.94 and 37.22%, respectively). The 

lowest values were found in hydrobasins 4121576970, 4121096890 and 4121098020 

(15, 15.59 and 18.74%. respectively). The percentage of in-channel GMRF area for 

each hydrobasin does not currently correlate to the number of existing FPAs, although 

this is explained by the current FPA selection process (see section 2.1.2). 

 

 
Figure 12: Xe Banghieng river proportion of riparian strip that is dense 

Hydrobasins 4121096890, 4121097860 and 4121099440 had the highest proportion of 

dense vegetation (70, 69 and 74%, respectively). The least densely vegetated 

hydrobasins were 4121096880, 4121578750 and 4121098080. Hydrobasin 

4121578340 (leftmost, borders missing) did not have data available for dense 

vegetation. The riparian strip is a 200m buffer either side of a 200m river buffer. 

3.4 Phase 4: Extrapolation of supervised classification 

Once new training datasets were created for each satellite images, 

supervised classification was conducted and results analysed using the 

processing model. The results can be viewed overall (compiled for all 

rivers studied, as seen in figure 14 below), or separately (to examine 

local variation in GMRF, as seen in figures 15-17).  

Overall, Xe Banghieng river basins have the highest percentage of GMRF 

area, especially compared to the Sekong and Sesan rivers (see Figure 13 

below). This may be due to differences in annual flow: at their 
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confluences with the Mekong river, the Xe Banghieng river has a log mean 

annual flow of 2.74m3/s, the Sekong has 3.03m3/s, and the Sesan has 

3.27m3/s (GLoRiC, 2019). The 200m GRWL buffer (necessary to ensure 

adequate coverage of the downstream river channel) may not contain the 

full river when it splits into multiple river channels and may cause 

inaccurcies with vegetated islands – although these count as GMRF, they 

are classified as vegetation and therefore are ignored during GMRF in-

channel area percentage calculation.  

Figure 13: Percentage of in-channel 

area that is taken up by 

geomorphological river features, for 

three Lower Mekong tributaries. 

Xe Banghieng in dark blue, Sekong in light 

blue, and Sesan in turquoise. Xe Banghieng 

has a higher overall percentage, possibly 

because its overall channel width is lower 

and has less water volume, so GMRF are 

more easily visible using the satellite 

approach  

In Figure 14 the whole study region is compared. The Sekong river has a 

GMRF deficit upstream, and the top five values are on either side of the 

Laos-Cambodia border. In the Sesan river there is a marked difference 

between the downstream half and upstream half of the hydrobasins: that 

is because halfway up the studied Sesan river region there is the Lower 

Sesan Dam II (Null et al., 2021). Below the hydropower dam there were 

very few GMRF. Above the dam there are many GMRF: mainly sandy 

riverbanks. 
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Figure 14: Overall comparison of in-channel GMRF area (%) for hydrobasins of 

three Lower Mekong tributaries:  the Xe Baghieng, Sekong and Sesan rivers 

As there are such marked differences between the rivers, it is important 

to analyse their results individually to find the relative geodiversity 

hotspots for each river. Figures 15-17 show the in-channel GMRF area 

(%) for each (note that each figure has a different legend). 
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Figure 15: In-channel GMRF area (%) for Xe Banghieng river, Laos  

 

Figure 16 (left): In-channel GMRF area (%) for 

the Upper Sekong river, Laos 

Figure 17 (above): In-channel GMRF area, 

Lower Sekong (left) and Sesan (right), 

Cambodia 
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Table 5: Top five most geodiverse (highest percentage of in-channel GMRF 

area) hydrobasin ID numbers for each of the three studied rivers 

position Xe Banghieng river Sekong river Sesan river 

1 4121578750 4121118830 4121587900 

2 4121577940 4121120260 4121123600 

3 4121578070 4121120720 4121124600 

4 4121578340 4121116470 4121588060 

5 4121100320 4121123880 4121123600 

 
Figure 18: Hydrobasins with the top five highest percentage of in-channel GMRF 

area for each of the studied rivers: the Xe Banghieng, Sekong and Sesan. 
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4. Discussion and conclusion 

The supervised classification of Sentinel imagery presented here appears 

to provide a method for GMRF detection in the studied rivers (for which 

very little geodiversity data or environmental habitat suitability data 

exists). Initial steps show promising results in the use of supervised 

classification of Sentinel-2 images for identifying rocky and sandy GMRF, 

and delineating water. This was analysed to compare the proportion of 

GMRF for each hydrobasin, thus serving as a potential indicator of habitat 

suitability and hydrobasin river geodiversity. 

Each river is different and only GMRF above water are visible, which must 

be taken into account when analysing results. Despite this, given the 

absence of other environmental habitat suitability data for such a large 

scale, and the high cost of Lidar and bathymetry imagery (Baird and 

Flaherty, 2005; Welcomme, Winemiller and Cowx, 2006; Fisheries 

Administration, 2019), the method developed in this project can provide 

new insights about habitat suitability for new FPA locations, using free 

and open-source data and software.  

4.1 Limitations and uncertainty 

Previous studies’ classification of terrestrial geomorphological features 

found that there were misclassification errors due to sun glint on water 

surfaces (Langat, Kumar and Koech, 2019) and vegetation shadows on 

the river channel (Gilvear, Tyler and Davids, 2004). Sun glint (called 

bidirectional reflectance effects, a result of changing sun sensor surface 

geometries) caused variation between images (Hird et al., 2017) and 

therefore the need for unique training datasets. There are methods of 

correcting for this, which could be explored in future studies (Hlaing et 

al., 2012). 

Cloud cover posed a limited issue – although it was possible to find cloud-

free Sekong river and Sesan river imagery, that was not the case for the 

Xe Banghieng river. Sentinel 2A images do have an available file for 
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masking clouds, but that doesn’t cover the small clouds, or the edges of 

clouds, which were often misclassified as GMRF. 

Using satellite imagery from the dry season results in a trade-off: 

although it allows better visibility of river GMRF (due to lower water 

levels), it also results in drier vegetation, and therefore spectral signature 

overlaps and misclassification between vegetation and infrastructure. This 

trade-off was accepted because the focus of this dissertation is on 

geodiversity and river GMRF, rather than land use classification. 

Two main assumptions were made in the data analysis (specifically the 

processing model). One was the assumption that only water and GMRF 

make up the river channel. This was the case in the Xe Banghieng river, 

but the Sekong and Sesan rivers have many in-channel wetlands (i.e., 

vegetated islands), and more braided river sections. This, in addition to 

differences in water volume, may explain the low GMRF in-channel area 

proportions for the Sekong river. 

The second processing model assumption was the 200m buffer around 

the GRWL river centreline dataset. It was necessary because the full river 

channel and immediate riverbank needed to be encompassed but may 

have caused downstream/ upstream discrepancies: upstream there is less 

water and a narrower river channel, but due to the constant 200m buffer, 

the water and GMRF classes will make up a smaller proportion of the 

designated “in-channel” buffer in the upstream areas of rivers. 

4.2 Possible improvements and future research options 

A solution to the issue stated above (regarding the GRWL dataset and 

buffer assumption) is to create a polygon of the river channel. This could 

even be done with imagery from the wet season to determine bankfull 

extent (Li et al., 2021), thus encompassing most GMRF seen in the dry 

season. There are multiple possible methodologies for this. One is to 

extract water surfaces from Landsat 7 ETM+ images (Hassani et al., 

2014), another is by using the Normalized Difference Water Index of 

Sentinel 2 images and then the QGIS raster calculator to find, extract and 
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vectorise water bodies (Cimpianu, no date). Finally, there is also an 

option within the QGIS SCP used to produce the classification output as a 

vector. If the master-class classification is run with vector output, then 

that shapefile could be used to substitute the GRWL centreline shapefile in 

the processing model. 

A shapefile of the river channel area has significant potential in adding to 

the GMRF data collected for this dissertation. An accurate centreline of the 

water vector could then be found and subsequently be used to automate 

hydrobasin sinuosity score calculation. Furthermore, there is also the 

possibility of using the water class to make a probability model for deep 

pool locations. Deep pools are most frequently found after constrictions in 

a sinuous river channel (Poulsen et al., 2002; Baird and Flaherty, 2005; 

Halls et al., 2013; Yang et al., 2021). Such a model could be tested 

against bathymetric maps of the Mekong mainstream and existing FPAs 

on Xe Banghieng river.  

The information produced in this dissertation could be combined with 

existing socioeconomic factors of FPA placement: more research needs to 

be done into measuring freshwater biodiversity in South East Asian rivers 

and related abiotic and geodiversity indicators (Welcomme, Winemiller 

and Cowx, 2006; Adams et al., 2015; Loury et al., 2021). Marine 

Protected Areas have standard multi-criteria decision-making approaches 

for establishment (Loury et al., 2018), which could be adapted for 

freshwater needs (Loury and Ainsley, 2020). 

Finally, results showed a GMRF deficit below the Lower Sesan Dam II, 

which could be compared with pre-hydropower dam results to determine 

if construction had a negative impact on the rivers’ geomorphology. Dam 

construction is already likely to have reduced the rivers’ vitality and 

ecosystem services (Souter et al., 2020). Furthermore, the impact of 

river-bed mining on the Sekong and Sesan should be investigated (Ziv et 

al., 2012; Brunier et al., 2014). 
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5. Conclusion 

This study has provided a better understanding of the opportunities and 

limitations associated with this methodology for investigating GMRF using 

satellite imagery. The method used supervised classification in the QGIS 

Semi-automatic Classification Plugin and found ways to bring Sentinel-2 

imagery together as a bulk operation, adapting an established 

methodology for a freshwater setting. A processing model was used to 

compute a measure for the distribution of GMRF and sinuosity at 

hydrobasin level, thus providing much needed empirical evidence of 

environment suitability for FPAs at hydrobasin level.  Using this approach, 

the most geodiverse hydrobasins were identified for both the whole study 

area, and for separate rivers. 

The three main objectives were achieved: 

1. Determine common geodiversity features of existing FPAs.  

The common geodiversity features of existing FPAs were deep pools 

(84%) and GMRF such as rapids (56%), rocky outcrops (48%) and sandy 

riverbanks (48%). These GMRF, alongside water, vegetation, and 

infrastructure classes, were chosen for supervised classification. 

2. Supervised classification of remote sensing imagery to identify GMRF 

and river bank land use on Xe Banghieng river, Laos 

The study time period was set during the dry season (2019) to benefit 

GMRF detection, but this resulted in slight issues with infrastructure/ 

vegetation misclassifications. The overall accuracy of the model was 

82.77%, with 66% accuracy for GMRF, 92% for vegetation, 87% for 

water, 20.86% for infrastructure, and 98% for clouds. 

3. Extrapolation of supervised classification technique to other 

tributaries in the Lower Mekong river basin and, for each 

tributary, identification of the most geodiverse hydrobasins. 

The supervised classification method developed for and described in this 

dissertation showed that rocky/ sandy GMRF can be successfully 

delineated and classified from cloud free Sentinel-2 data obtained during 

low flow periods. To obtain acceptable accuracy it is necessary to create 
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new training datasets for each satellite image, rather than re-using 

existing spectral signature sets developed for other river regions.  

Percentage of in-channel (river channel) area taken up by GMRF was 

chosen as a proxy for river geodiversity. The most geodiverse 

hydrobasins were identified both for each river individually, and for all 

three rivers as a whole: the Xe Banghieng has the most detected GMRF 

from all the rivers studied, and downstream hydrobasins had a higher 

percentage of GMRF area within the river channel. In the Sekong river, 

upstream has a GMRF deficit, and the top five hydrobasins are located 

either side of the Laos-Cambodia border. The Sesan river has a GMRF 

deficit below the Lower Sesan Dam II. 

The main limitations identified for this project include the need for unique 

training datasets for each satellite image, the dry season trade-off 

(although this time period allows best GMRF detection, it increases 

infrastructure misclassification), and the assumptions made by the 

processing model to calculate the class area for river-channel and 

riverbank features per hydrobasin. 

In the future, improvements could be made to the processing model, such 

as eliminating the need for an in-channel buffer, or even developing new 

processing models to extract sinuosity or even deep pool predictions from 

the supervised classification outputs.  

This research has demonstrated the benefits of utilising Sentinel data to 

understand the location of GMRF in tributaries of the Lower Mekong river 

and generate hydrobasin-level comparisons to facilitate river basin 

managers in Laos and Cambodia with a better understanding of the 

potential of river geodiversity as an environmental indicator for FPA 

selection. There remains a desperate need for a standardised best-

practice method for FPA establishment and monitoring (Loury et al., 

2018, 2021; Loury and Ainsley, 2020): this should be pursued by 

academia and governments alike.  
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3. Preface 

This technical document is divided between four components. Firstly, 

there is an introduction to Sentinel-2 and supervised classification. 

Secondly, there are additional notes on the methodology used, including a 

section regarding improved use of the semiautomatic classification plug-

in. This builds on existing SCP documentation, but addresses 

dysfunctional aspects and adjustments made to suit the objectives of the 

dissertation. Thirdly, additional results from the Xe Banghieng, Sekong 

and Sesan rivers are shown. Finally, all code and overviews of data used 

can be found in the appendices. 

3.1 Acronyms used 

GMRF: geomorphological river features 

SCP: semi-automatic classification plugin (in QGIS) 

GRWL: Global River Widths from Landsat (Allen and Pavelsky, 2018) 

GLoRiC: Global River Classification (Dallaire, Lehner, Sayre and Thieme, 

2019) 
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4. Introduction 

4.1 Sentinel-2 

Sentinel-2 comprises of two satellites, Sentinel-2A and Sentinel-2B. They 

were inaugurated by the European Space Agency Copernicus Programme 

in June 2014 and March 2017, respectively (ESA, 2015). The main 

applications of the Sentinel-2 mission include land cover classification 

(Topaloǧlu, Sertel and Musaoǧlu, 2016), agriculture monitoring (Veloso et 

al., 2017; Segarra, Buchaillot, Araus and Kefauver, 2020), and water 

monitoring (Hird, DeLancey, McDermid and Kariyeva, 2017; Pahlevan, 

Sarkar, Franz, Balasubramanian and He, 2017; Tobón-Marín and Cañón 

Barriga, 2020). 

The satellites operate together at 180° on the same orbit to cover global 

land and coastal areas from 56° S to 84° N every 10 days. Both have a 

multispectral imager instrument with 13 bands in the visible, near 

infrared and short-wave infrared spectrum. The spatial resolution is 

between 10 and 60m (ESA, 2015).  

Two products are available for the general public free of charge: Level-1C 

(top-of-atmosphere reflectances) and Level-2A (surface reflectances). 

This dissertation analysed only Level-2A images (Table 2), which were 

downloaded for free from https://scihub.copernicus.eu/dhus/ using the 

Semi-Automatic Classification Plugin (Section 5.2.3). Only bands with 

spatial resolution of 10m and 20m were used (Table 1). 

 

Table 1: overview of Sentinel-2 bands used 

Band Band name Central 

wavelength 
(nm) 

Bandwidth 

(nm) 

Spatial 

resolution (m) 

2 Blue 492.4 66 10 

3 Green 559.8 36 10 

4 Reed 664.4 31 10 

5 Vegetation (red edge) 704/1 15 20 

6 Vegetation (red edge) 740.5 15 20 

7 Vegetation (red edge) 782.8 20 20 

8 Near infrared 832.8 106 20 

8A Narrow near infrared 864.7 21 20 

11 Short-wave infrared 1613.7 91 20 

12 Short-wave infrared 2202.4 175 20 

https://scihub.copernicus.eu/dhus/
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Table 2: Overview of satellite images used and key details 

River name Flight 
zone 

Image name Date 

Xe Banghieng PWC L2A_T48PWC_A011198_20190429T033720 29/04/19 

Xe Banghieng QWD L2A_T48QWD_A019849_20190411T031758 11/04/19 

Xe Banghieng QXD L2A_T48QXD_A019849_20190411T031758 11/04/19 

Sekong PXB L2A_T48PXB_A010726_20190327T032719 27/03/19 

Sekong PXC L2A_T48PXC_A010726_20190327T032719 27/03/19 

Lower Sekong 
and Sesan 

PXA L2A_T48PXA_A010726_20190327T032719 27/03/19 

4.2  Classification 

4.2.1 Types of Classification 

Image classification is the process of categorising pixels using their 

individual reflectance statistics. Many factors influence the accuracy of 

classification results, such as the terrain variability, the spectral and 

spatial characteristics of the data, and the choice of classification 

technique. 

There are two main types of classification: supervised and unsupervised. 

Unsupervised classification groups pixels into clusters using a clustering 

algorithm, after which the user assigns each cluster a name depending on 

the type of land cover it is (Rozenstein and Karnieli, 2011). In supervised 

classification, the user defines the categories and creates a training 

dataset with spectral signatures for each category. Subsequently, 

software categorises each pixel in an image depending on the similarity of 

its spectral signature to that of the training dataset categories (Richards 

and Jia, 2006).  

4.2.2 Types of Classification Algorithm 

A classification algorithm categorises an image by comparing the spectral 

characteristics. In supervised classification algorithms, this is done by 

comparison to reference land cover classes provided by a training dataset 

(Congedo, 2020). 

A number of different classification algorithms types can be calculated by 

the SCP: random forest, minimum distance, maximum likelihood, spectral 

angle mapping, and land cover signature classification algorithms 

(Congedo, 2020). Random forest is a machine learning technique, 



6 

 

whereby many random decision trees are created iteratively and 

randomly for a training dataset. The classification of a pixel is determined 

by a majority vote of decision trees (Shivakumar, Subramanyam and 

SrikantaMurthy, 2013; Brunier, Anthony, Goichot, Provansal and 

Dussouillez, 2014). 

In the minimum distance classification algorithm, each pixel is assigned 

the class which has the closest spectral signature to it, calculated as 

Euclidean distance to the training spectral signatures (Richards and Jia, 

2006). 

In the maximum likelihood classification algorithm, probability 

distributions for the classes are calculated to estimate which one the pixel 

belongs to using Bayes’ theorem. This method requires a large number of 

pixels for each training dataset class, and classes are assumed to have 

normal distribution, here called multivariate normal distribution because 

there are multiple dimensions (Richards and Jia, 2006; Congedo, 2020). 

In the spectral angle mapping classification algorithm, the angles of the 

pixels’ spectral signature are compared to the spectral signature of the 

training dataset: this uses only the direction, but not the length, of the 

spectral vector. It is suitable for images with different illumination 

conditions and is used mainly for hyperspectral data (Shrestha, Margate, 

Anh and Van Der Meer, 2002). 

Finally, land cover signature classification algorithms define spectral 

thresholds for each training input signature. Pixels completely contained 

within those thresholds are classified as such. However, if there are 

overlaps, additional classification algorithms must be created (Congedo, 

2020). This method is most suitable for classifying a single class and 

leaving the rest of the image unclassified. 

4.2.3 Classification and Algorithm Type Chosen for This Project 

Due to the nature of the study focus (GMRF), supervised classification 

was chosen. Supervised classification is used most frequently for 
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quantitative analyses of remote sensing image data (Richards and Jia, 

2006).  

There are few GMRF within a river, and individual GMRF have a small 

area, which means that class would be disproportionately small in 

comparison to all the other classes, and therefore likely missed by 

unsupervised classification methods. Furthermore, supervised 

classification is more accurate when delineating bodies of water, 

especially if a distinction is made between standing and flowing water 

bodies (i.e. lakes and rivers)(Yang, Wang, Zhao and Guo, 2011). 

The minimum distance classification algorithm was chosen because it 

allowed best differentiation between the spectral signatures of GMRF and 

water, and GMRF and vegetation. The algorithm also accepts partial 

overlap between spectral signatures, which was important due to the 

small area of GMRF: otherwise, the edges of GMRF could remain 

unclassified or be misclassified as water, which would skew the results for 

hydrobasin geodiversity. 

5. Methodology 

5.1 Phase 1: Existing FPAs in Savannakhet Province (Laos) 

Details of data collected and their sources can be found in Table 3 below. 

FPAs were not included if they were not located on a river in the Global 

River Widths from Landsat (GRWL) dataset, i.e. rivers over 30m wide at 

mean annual discharge (Allen and Pavelsky, 2018). This eliminated FPAs 

whose location was incorrect (and were therefore not on water) and FPAs 

in lakes, because otherwise no GMRF would be visible which would skew 

the results. 

Table 3: data collected for existing FPAs in remote desk-based study of 

existing FPAs in Savanakhet province, Laos 

Visual survey data source refers to data gathered in the remote desk-based study. For 

details on other data sources, see the Appendix, Section 7.1 

Name of data Details Data source 

Spatial data  Coordinates WWF Laos 

River Name, mean width and standard 

deviation, mean annual flow 

(log), stream power, seasonality 

GRWL, GLoRiC, and GSWD 
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Riverbed (bedrock, gravel, sand, 

mud/silt) and riverbank slope 

(sloping/ vertical) 

Visual survey using Google 

Earth Engine’s satellite base 

layer (MAXAR/CNES 

technologies, 2021) (from now 

on referred to as visual survey) 

Tributaries (coordinates and 

width) 

GSWD and visual survey  

GMRF Floodplains, in-channel 

wetlands, islands, pools, rapids 

(above/ below), rocky outcrops, 

sand bars, sloping riverbanks, 

waterfalls, river shape 

(sinuosity, thalwegs) 

WWF Laos, GSWD and visual 

survey 

Vegetation NDVI on right and left riverbank, 

description of vegetation, 

presence of agricultural fields or 

riverbank gardens 

NDVI calculated from 2019 

Landsat and MODIS 

Infrastructure Hard riverbank protection, 

concrete/ rip-rap, roads, 

bridges, settlements (riverbank/ 

within 1km), hydropower dams 

Visual survey 

5.2 Phase 2: Supervised Classification  

5.2.1 Deciding Which Satellite Imagery to Use 

River channel morphology is traditionally conducted in the field, 

sometimes with additional aerial photography. However, field surveys 

cannot cover the entire length of rivers due to their time-consuming and 

costly nature (Gilvear, Tyler and Davids, 2004). Remote sensing has 

emerged as a cheaper, synoptic solution: many studies have used 

Landsat, LiDAR, SRTM and Sentinel imagery to measure and monitor river 

channel morphology around the world (Gilvear et al., 2004; Vecchiotti, 

2008; Pekel, Cottam, Gorelick and Belward, 2016; Langat, Kumar and 

Koech, 2019; Boothroyd, Williams, Hoey, Barrett and Prasojo, 2021). 

However, measuring geodiversity of rivers is a yet-unexplored field, 

especially in South-East Asia. Cheap, preferably open-source options of 

remote sensing could help counteract this and help gain environmental 

information for local river basin managers. An initial exploration was done 

to determine which source of satellite imagery would be suitable.  

Landsat imagery is frequently used for land cover classification because 

data is freely available from the 1970s onwards and has repeat coverage 

for monitoring (Smith and Pain, 2009). Its relatively low spatial resolution 
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can result in issues with geomorphic feature definition and boundary 

recognition (Henshaw, Gurnell, Bertoldi and Drake, 2013) – see Figure 1 

for a comparison. Sentinel-2 imagery is open source, and frequently used 

in geodiversity applications. These are usually based in a terrestrial 

settings, but water applications include coastal mapping, wetland 

delineation, and tracking change of river planforms (Gong et al., 2020; Li 

et al., 2020; Tobón-Marín and Cañón Barriga, 2020; Wang et al., 2021). 

The spatial resolution for the bands used was between 10 and 20m (Table 

1), which is suitable for GMRF detection. 

 
Figure 1: comparison of Sentinel (left) and Landsat (right) image resolution 

and potential for GMRF detection at Keang FPA, Xe Banghieng River, Laos. 

5.2.2 Deciding Master-classes and Sub-classes 

When creating the training dataset, each polygon is 

assigned a master-class and sub-class. A class is a 

category to which the pixel has been grouped into, 

along with other similar pixels. Master-classes (also 

known as macro-classes) contain multiple sub-classes 

(Congedo, 2020). The master-classes and sub-classes 

used in this dissertation can be seen on the left in 

Figure 2. The colours used are those chosen for their 

symbology throughout the dissertation. 

Figure 2: Master-classes and sub-classes used in the 

supervised classification training dataset. 
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In the QGIS SCP (see Section 5.2.3 below), the supervised classification 

can be run for either the master-class level, or for the sub-class level. 

5.2.3 Using the Semi-Automatic Classification Plugin 

The Supervised Classification Plugin (SCP) in QGIS was used and its 

documentation followed (Congedo, 2020). Here I will outline issues 

encountered within the documentation and any adaptations made to the 

usual SCP method as outlined in Tutorial 1 of the SCP documentation. 

   

Figure 3: QGIS Semi-automatic Classification Plugin version 7.0.0.1 menu (left) 

and dock (right) appearance 

5.2.3.1 Downloading the data 

When downloading satellite imagery, these options were used: 

- Login data 

o The documentation suggests downloading Sentinel imagery from s 

https://scihub.copernicus.eu/apihub, but this link did not work for 

me. Instead, I used https://scihub.copernicus.eu/dhus/.  

- Search 

o Product type: Sentinel 2 

o Date from: 01/03/2019 

o Date to: 31/04/2019 

o Max cloud cover: 10% 

o Results: 50 

- Download options 

o Preprocess images: NO 

o Bands: 2, 3, 4, 5, 6, 7, 8, 8A, 11, 12 and ancillary data 

o Only if in preview layers: NO 

o Load bands in QGIS: YES 

https://semiautomaticclassificationmanual.readthedocs.io/en/latest/tutorial_1.html
https://scihub.copernicus.eu/apihub
https://scihub.copernicus.eu/dhus/
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When searching for suitable Sentinel images in the SCP, I first removed 

all 1C products (this project uses only 2A). 

Unfortunately, the preview button in the “search” tab did not work, thus 

making image selection very difficult and time-consuming. Instead, I 

found a shapefile containing global data for the names of an area’s 

satellite zone/path. It can be downloaded from step 1 of the tutorial “How 

to identify Sentinel-2 graule zones using a shapefile” (Congedo, 2021). 

Once I identified the Sentinel zone/path of my region of interest, I 

removed all other zone/path images. If there was more than one suitable 

image, I chose the one with fewest clouds over my region of interest (the 

river). 

Important note! Downloading each image took my computer (a new 

laptop) several hours. 

Once all the bands have downloaded, make sure they are in the QGIS 

projects’ layers directly, rather than in a group, otherwise the SCP 

bandset will not recognize their existence. 

Finally, load the bandset in the SCP menu: select the bands and click the 

plus sign to add them to Band set 1. For each subsequent step described 

here, the bandset must be cleared, updated with the new bands, and the 

old ones can be removed from the QGIS layers.  

5.2.3.2 Pre-processing/ converting the data 

The documentation tutorial says to clip the data first to reduce computer 

time spent on this step. However, that method order never worked for 

me: if the image was already clipped, the converting would not turn on, 

or in one case it created a blank .tif file (the process of which took several 

hours).  

Both the clipping and converting require multiple hours, during which my 

computer could not be used (or it would crash). Therefore, I recommend 

running this step in the late afternoon and then run the clipping before 

midnight. 
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This pre-processing step is required to convert pixel values to a decimal 

value of reflectance. It can be done automatically by the SCP but the 

documentation tutorial recommends doing it manually. 

Options selected: 

- Directory containing Sentinel-2 bands: selected 

- Select metadata file: NO  

- Apply DOS1 Correction: NO 

- Preprocess bands 1, 9, 10: NO 

- Create band set and use band set tools: NO 

- Add bands in a new band set: NO 

Update the bandset and remove old bands from QGIS. 

5.2.3.3 Clipping the bands 

For the purposes of this project, the satellite image needed to be clipped 

to a vector, rather than to a region as shown in the documentation 

tutorial. This can be achieved by selecting the input band set, and then 

selecting the “use vector for clipping” button. 

I filtered the GRWL dataset to include only the river sections I was 

interested in. I then created a 0.005 degree buffer around the GRWL 

dataset (corresponding to 500m) – this could not be done in metres 

directly due to the format of the original GRWL data. 

Update the bandset and remove old bands from QGIS. 

5.2.3.4 Colour composite 

A colour composite of bands is important for better manual identification 

of features when creating the training dataset. The band combinations 

can show different things, such as the natural colour, infrared, geology, 

and agriculture (GISGeography, 2021). I used natural colour (bands 4, 3, 

and 2), but also found infrared colour (bands 8, 4, and 3) useful for 

identifying aquaculture ponds and distinguishing between dense and 

sparse vegetation (Figure 4).  
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Figure 4: False-colour composites of Siew FPA, Savannakhet Province, Laos 

Natural colour virtual band set (left) uses bands 4, 3, and 2. Infrared colour virtual band 

set (right) uses bands 8, 4 and 3. 

5.2.3.5 Creating the training input 

The documentation tutorial was followed precisely in this step. 

Important note! If the temporary training file is lost (e.g. a computer 

crash), then the last saved “.scp” (training input) file can be reuploaded, 

but it takes a lot of time for QGIS to re-calculate all the spectral 

signatures. 

Important note! Classification previews are helpful ways of assessing the 

accuracy of the model thus far – but be sure to unify each macro- or sub-

classes colour beforehand.  

5.2.3.6 Assessing and merging spectral signatures 

The spectral signature plot is useful for assessing the quality of individual 

training data. If an outlier is identified (figures 5 and 6), however, it 

cannot just be deleted locally in the spectral signature plot. Rather, it 

must be deleted directly in the SCP dock (the training input section). 
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Figure 5: Spectral signatures of infrastructure training dataset before 

elimination of outliers (as seen in the SCP) 

 

Figure 6: Spectral signatures of infrastructure training dataset after elimination 

of outliers (as seen in the SCP) 

Important note! Download a copy of the clean spectral signatures before 

merging.  

Merging of individual spectral signatures must be done for each category, 

or supervised classification output will have multiples of each category. 

5.2.3.7 Running the classification 

For Xe Banghieng river, I ran both the macro-class and the sub-class 

classifications. Subsequently, I only ran the sub-class classification. All 

classifications were run as “minimum distance” and with raster outputs.  

5.2.4 Accuracy calculations 

There is an option to run accuracy calculations in the SCP, but it is 

important to press the “circular arrow” button to refresh the dropdown 

column options for the validation dataset, and to double-check that the 

correct classes were analysed in the .csv output. 

Due to an issue with the validation dataset (an erroneous class 4 was 

created and could not be reclassified as class 5), the statistics of user’s 

accuracy, commission error, producer’s accuracy, omission error, overall 

accuracy and kappa coefficient were calculated in Microsoft Excel using 
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the statistical methods described in Congedo (2020) and Congalton and 

Green (2019). 

5.3 Phase 3: Processing model to calculate the class area for 
river-channel and riverbank features per hydrobasin 

The python code for the processing model can be found in the appendix, 

section 7.2.3. 

5.4 Phase 4: Extrapolation of supervised classification 
technique to the Sekong and Sesan rivers 

The original spectral signatures obtained from the Xe Banghieng river 

training dataset were imported into the SCP and used to classify the 

Sekong, but the resulting classification was grossly inaccurate (figure 7). 

The extrapolation of spectral signatures from Xe Banghieng to the Sekong 

most likely occurred due to differences in sun reflectance for both satellite 

images (Hird et al., 2017). 

 

Figure 7: comparison of Sentinel-2 image, extrapolated training classification 

and new training classification 

The extrapolated classification training show much of the densely vegetated riverbank as 

shallow water, and GMRF are not identified correctly. 

A new training dataset was created specifically for this new image, and 

the supervised classification was run again. It was more accurate (figure 
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8), especially in sparse vegetation (most of which was reclassed as dense 

vegetation, agriculture, settlements and roads). There were also 

improvements in rocky GMRF classification and within water: far fewer 

shallow water pixels, fewer rapids, and more river pixels were identified. 

 

Figure 8: change in percentage of pixels classified for each class in the Sekong 

(Laos) study area when using extrapolated and new training datasets. 

6. Results 

6.1 Phase 2: Supervised Classification 

Below, the master-class and sub-class classifications for the full Xe 

Banghieng river are shown (figures 10 and 11), going from upstream to 

downstream (read the maps left to right, top to bottom, to follow the full 

reach of the river). The top of each hydrobasin map is upstream, and the 

legend is shown after the last map, and below (figure 9): 

Figure 9: legend for the Sentinel 

master-class and sub-class 

classifications 
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6.1.1 Figure 10: Sentinel master-class classification 
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Figure 10: Master-class classification of Sentinel imagery of Xe Banghieng river, 

Savannakhet Province, Laos 

6.1.2 Figure 11: Sentinel Sub-class Classification 
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Figure 11: Sub-class classification of Sentinel imagery of Xe Banghieng river, 

Savannakhet Province, Laos 
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6.2 Phase 4: Extrapolation of supervised classification 

technique to the Sekong and Sesan rivers 

The full training datasets, master-class and sub-class classifications for 

the Sekong and Sesan rivers can be found on the M: drive (see appendix, 

Section 7.3 for details). 

7. Appendices 

7.1 Data Used 

7.1.1 WWF Laos 

Name: Laos FCZs Full 

Source: Personal communication, Meynell, 2021 

Projection: EPSG:32648, except Bokeo region EPSG 32647   

Please note! This is unpublished data. 

This dataset contains the following categories, which are followed in 

bracket by their column names as shown in the dataset. Those used are 

shown in bold: 

• FPA number (Code_noduplicate) 

• Village name (Vname_ENG) 

• District name (Dname_ENG) 

• Province name (Pname_ENG) 

• FPA name (FCZ_name_ENG) 

• River name (River_name_ENG) 

• FPA width (FCZ_Width_m) 

• FPA length (FCZ_Length_m) 

• FPA area (FCZ_Area_ha) 

• FPA Area (FCZ_Area_m2) 

• Deepest section of FPA depth (FCZ_Depth_m) 

• Number of heads of household (HH) 

• Population size (Population) 

• Number of females (Women) 

• Number of families (Family) 

• Name of ethnic group (Ethnic_group) 

• FPA X coordinate (X_FCZ_center) 

• FPA Y coordinate (Y_FCZ_center) 

• FPA established date (Date_annoucement) 

• FPA established year (Year) 
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7.1.2 GRWL  

Name: Global River Widths from Landsat 

Source: Allen and Pavelsky (2018) 

Projection: Geographic WGS84 

Resolution: 30 m 

Tile coverage: 4 degrees latitude by 6 degrees longitude.  

This dataset contains the following categories, those used are shown in 

bold: 

• width_min: the minimum of river width measurements along the segment at 

mean discharge (meters) 

• width_med: the median of river width measurements along the segment at 

mean discharge (meters) 

• width_mean: the mean of river width measurements along the 

segment at mean discharge (meters) 

• width_max: the maximum of river width measurements along the segment at 

mean discharge (meters) 

• width_sd: the standard deviation of river width measurements along 

the segment at mean discharge (meters) 

• lakeflag: integer specifying if segment is located on a river (lakeflag=0), 

lake/reservoir (lakeflag=1), tidal river (lakeflag=2), or canal (lakeflag=3). 

This information is of much higher quality in the Global River Width from 

Landsat (GRWL) Vector Product V01.01 (product #3 below).  

• nSegPx: number of pixels within the segment (N pixels) 

• Shape_Leng: length of the segment (kilometers) 

7.1.3 GLoRiC 

Name: Global River Classification  

Source: HydroSHEDS WWF (Dallaire et al., 2019) 

Projection: Geographic WGS84 

This dataset contains many categories, of which the annual mean water 

flow (log) was used (“Log_Q_average”) 

7.1.4 GSWD 

Name: Global Surface Water Dataset 

Source: (Pekel et al., 2016) 
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Projection: Geographic WGS84 

Resolution: 30m 

The “water occurrence” data was used to examine the presence/ absence 

and seasonality of water location in the region. 

7.1.5 Maxar/ CNES Satellite 

Availability: for viewing only, Google Earth Engine satellite base layer 

Source:  

Projection: Geographic WGS84 

Resolution: 30cm 

7.1.6 NDVI  

Source: calculated from 2019 Landsat and MODIS satellites, Google 

Earth Engine 

Code: See appendix, Section 7.2.1 (below) 

 

7.2 Code 

7.2.1 Phase 1: Google Earth Engine Code Editor code (Javascript) 

// Veronika Pudilova 

// 11th May 2021 

// Making map of existing Laos FCZs 

// With NDVI and water seasonality clipped to Laos 

// Also includes GRWL and GLoRiC GMR from WWF Laos (given to me by my 

supervisor, Peter-John Meynell) 

 

// Setting my map center 

Map.setCenter(105.8735, 16.2839,10); 

 

// To show just my region of interest, for example Laos: 

// 3) create a geometry using Large Scale International Boundary 

Polygons, Simplified...  

var geometry = 

ee.FeatureCollection('USDOS/LSIB_SIMPLE/2017').filterMetadata('country_

co', 'equals', 'LA'); 

 

 

///////////////////////////////////////////////////////////////// 

// ASSETS 

 

 

// Adding Global Surface Water Dataset to show the occurrence of water 
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var gsw = ee.Image('JRC/GSW1_0/GlobalSurfaceWater'); 

var occurrence = gsw.select('occurrence').clip(geometry); 

 

// changing the occurence colouring 

var VIS_OCCURRENCE = { 

  min:0, 

  max:100, 

  palette: ['red', 'blue'] 

}; 

 

 

// adding MODIS Normalized Difference Vegetation Index (NDVI) for 

riparian vegetation survey 

var dataset = ee.ImageCollection('MODIS/MCD43A4_006_NDVI') 

                  .filter(ee.Filter.date('2019-03-01', '2019-04-31')) 

                  .mosaic() 

                  .clip(geometry); 

// make MODIS NDVI colourful 

var colorized = dataset.select('NDVI'); 

var colorizedVis = { 

  min: 0.0, 

  max: 1.0, 

  palette: [ 

    'FFFFFF', 'CE7E45', 'DF923D', 'F1B555', 'FCD163', '99B718', 

'74A901', 

    '66A000', '529400', '3E8601', '207401', '056201', '004C00', 

'023B01', 

    '012E01', '011D01', '011301' 

  ], 

}; 

 

 

// adding Landsat NDVI (better resolution compared to MODIS) 

var l8_bands = ['B2', 'B3', 'B4', 'B5', 'B6', 'B7', 'pixel_qa'];  

var l7_bands = ['B1', 'B2', 'B3', 'B4', 'B5', 'B7', 'pixel_qa'];   

var l5_bands = ['B1', 'B2', 'B3', 'B4', 'B5', 'B7', 'pixel_qa'];  

var l4_bands = ['B1', 'B2', 'B3', 'B4', 'B5', 'B7', 'pixel_qa'];  

var std_names = ['blue', 'green', 'red', 'nir', 'swir1', 'swir2', 

'pixel_qa']; 

// Load landsat data 

var l8 = ee.ImageCollection('LANDSAT/LC08/C01/T1_SR').select(l8_bands, 

std_names); 

var l7 = ee.ImageCollection('LANDSAT/LE07/C01/T1_SR').select(l7_bands, 

std_names); 

var l5 = ee.ImageCollection('LANDSAT/LT05/C01/T1_SR').select(l5_bands, 

std_names); 

var l4 = ee.ImageCollection('LANDSAT/LT04/C01/T1_SR').select(l4_bands, 

std_names); 

// Mask 

var maskLandsat = function(im){ 

  var cloudShadowBitMask = (1 << 3);  // cloud shadow 

  var cloudsBitMask = (1 << 5);       // cloud 

  // Get the pixel QA band. 

  var qa = im.select('pixel_qa'); 

  // Both flags should be set to zero, indicating clear conditions. 

  var mask = qa.bitwiseAnd(cloudShadowBitMask).eq(0) 

    .bitwise_and(qa.bitwiseAnd(cloudsBitMask).eq(0)) 

 

  return im.updateMask(mask); 
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}; 

var landsat = l8.merge(l7).merge(l5).merge(l4).map(maskLandsat); 

var addNDVI = function(im){ 

  return 

im.addBands(im.normalizedDifference(['nir','red']).rename('NDVI')); 

}; 

landsat = landsat.map(addNDVI); 

 

 

 

///////////////////////////////////////////////////////////////// 

// ADDING MAP LAYERS 

 

// Show Landsat NDVI 

var NDVI_im = landsat.filterDate('2019-01-01','2019-12-

31').median().select('NDVI').rename('NDVI_2019'); 

Map.addLayer(NDVI_im.clip(geometry), {bands:['NDVI_2019'], 

min:0.2,max:0.9}, 'NDVI_2019'); 

 

// MODIS NDVI 

Map.addLayer(colorized, colorizedVis, 'NDVI_MODIS'); 

 

// Water occurrence 

Map.addLayer({ 

  eeObject: occurrence.updateMask(occurrence.divide(100)), 

  name: "Water Occurrence (1984-2015)", 

  visParams: VIS_OCCURRENCE 

}); 

 

// GRWL 

// I want this for average water widths 

Map.addLayer(GRWL, {color:'blue'}, 'GRWL_GMR'); 

 

// Showing the existing FPA data points 

Map.addLayer(Laos_Savannakhet, {color: 'FF0000'}, 'FCZs_Savannakhet'); 

Map.addLayer(Laos_Bokeo, {color: 'FF0000'}, 'Laos_Bokeo'); 

Map.addLayer(Laos_Remainder, {color: 'FF0000'}, 'Laos_Remainder'); 

 

7.2.2 Phase 3: processing model code (python) 

""" 

Model exported as python. 

Name :  River Features 

Group : XBH 

With QGIS : 31803 

""" 

 

# import packages 

from qgis.core import QgsProcessing 

from qgis.core import QgsProcessingAlgorithm 

from qgis.core import QgsProcessingMultiStepFeedback 

from qgis.core import QgsProcessingParameterRasterLayer 

from qgis.core import QgsProcessingParameterVectorLayer 

from qgis.core import QgsProcessingParameterFeatureSink 

import processing 

 

# defining main parameters 

class RiverFeatures(QgsProcessingAlgorithm): 
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    def initAlgorithm(self, config=None): 

        

self.addParameter(QgsProcessingParameterRasterLayer('classifiedsentinel

', 'Classified Sentinel', defaultValue=None)) 

        

self.addParameter(QgsProcessingParameterVectorLayer('hydrobasins', 

'Hydrobasins', types=[QgsProcessing.TypeVectorPolygon], 

defaultValue=None)) 

        

self.addParameter(QgsProcessingParameterVectorLayer('rivercentreline', 

'River Centre Line', types=[QgsProcessing.TypeVectorLine], 

defaultValue=None)) 

        self.addParameter(QgsProcessingParameterFeatureSink('Result', 

'Result', type=QgsProcessing.TypeVectorPolygon, createByDefault=True, 

defaultValue=None)) 

 

    def processAlgorithm(self, parameters, context, model_feedback): 

 

        # Use a multi-step feedback, so that individual child algorithm 

progress reports are adjusted for the 

        # overall progress through the model 

        feedback = QgsProcessingMultiStepFeedback(10, model_feedback) 

        results = {} 

        outputs = {} 

 

        # Extract layer extent 

        alg_params = { 

            'INPUT': parameters['classifiedsentinel'], 

            'OUTPUT': QgsProcessing.TEMPORARY_OUTPUT 

        } 

        outputs['ExtractLayerExtent'] = 

processing.run('qgis:polygonfromlayerextent', alg_params, 

context=context, feedback=feedback, is_child_algorithm=True) 

 

        feedback.setCurrentStep(1) 

        if feedback.isCanceled(): 

            return {} 

 

        # Extracted River Centre Line 

        alg_params = { 

            'INPUT': parameters['rivercentreline'], 

            'INTERSECT': outputs['ExtractLayerExtent']['OUTPUT'], 

            'PREDICATE': 0, 

            'OUTPUT': QgsProcessing.TEMPORARY_OUTPUT 

        } 

        outputs['ExtractedRiverCentreLine'] = 

processing.run('native:extractbylocation', alg_params, context=context, 

feedback=feedback, is_child_algorithm=True) 

 

        feedback.setCurrentStep(2) 

        if feedback.isCanceled(): 

            return {} 

 

        # Fix River Centre Line 

        alg_params = { 

            'INPUT': outputs['ExtractedRiverCentreLine']['OUTPUT'], 

            'OUTPUT': QgsProcessing.TEMPORARY_OUTPUT 

        } 
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        outputs['FixRiverCentreLine'] = 

processing.run('native:fixgeometries', alg_params, context=context, 

feedback=feedback, is_child_algorithm=True) 

 

        feedback.setCurrentStep(3) 

        if feedback.isCanceled(): 

            return {} 

 

        # Extracted Hydrobasins 

        alg_params = { 

            'INPUT': parameters['hydrobasins'], 

            'INTERSECT': outputs['ExtractLayerExtent']['OUTPUT'], 

            'PREDICATE': 0, 

            'OUTPUT': QgsProcessing.TEMPORARY_OUTPUT 

        } 

        outputs['ExtractedHydrobasins'] = 

processing.run('native:extractbylocation', alg_params, context=context, 

feedback=feedback, is_child_algorithm=True) 

 

        feedback.setCurrentStep(4) 

        if feedback.isCanceled(): 

            return {} 

 

# Make sure everything is in the correct projection 

        # Reproject 32648 

        alg_params = { 

            'INPUT': outputs['FixRiverCentreLine']['OUTPUT'], 

            'TARGET_CRS': 'EPSG:32648', 

            'OUTPUT': QgsProcessing.TEMPORARY_OUTPUT 

        } 

        outputs['Reproject32648'] = 

processing.run('native:reprojectlayer', alg_params, context=context, 

feedback=feedback, is_child_algorithm=True) 

 

        feedback.setCurrentStep(5) 

        if feedback.isCanceled(): 

            return {} 

 

        # Fix Hydrobasins 

        alg_params = { 

            'INPUT': outputs['ExtractedHydrobasins']['OUTPUT'], 

            'OUTPUT': QgsProcessing.TEMPORARY_OUTPUT 

        } 

        outputs['FixHydrobasins'] = 

processing.run('native:fixgeometries', alg_params, context=context, 

feedback=feedback, is_child_algorithm=True) 

 

        feedback.setCurrentStep(6) 

        if feedback.isCanceled(): 

            return {} 

 

        # Set parameters for buffer creation 

        alg_params = { 

            'DISSOLVE': False, 

            'DISTANCE': 200, 

            'END_CAP_STYLE': 0, 

            'INPUT': outputs['Reproject32648']['OUTPUT'], 

            'JOIN_STYLE': 0, 

            'MITER_LIMIT': 2, 
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            'SEGMENTS': 5, 

            'OUTPUT': QgsProcessing.TEMPORARY_OUTPUT 

        } 

        outputs['Buffer'] = processing.run('native:buffer', alg_params, 

context=context, feedback=feedback, is_child_algorithm=True) 

 

        feedback.setCurrentStep(7) 

        if feedback.isCanceled(): 

            return {} 

 

        # Reproject layer 

        alg_params = { 

            'INPUT': outputs['FixHydrobasins']['OUTPUT'], 

            'TARGET_CRS': 'EPSG:32648', 

            'OUTPUT': QgsProcessing.TEMPORARY_OUTPUT 

        } 

        outputs['ReprojectLayer'] = 

processing.run('native:reprojectlayer', alg_params, context=context, 

feedback=feedback, is_child_algorithm=True) 

 

        feedback.setCurrentStep(8) 

        if feedback.isCanceled(): 

            return {} 

 

        # Clip 

        alg_params = { 

            'INPUT': outputs['ReprojectLayer']['OUTPUT'], 

            'OVERLAY': outputs['Buffer']['OUTPUT'], 

            'OUTPUT': QgsProcessing.TEMPORARY_OUTPUT 

        } 

        outputs['Clip'] = processing.run('native:clip', alg_params, 

context=context, feedback=feedback, is_child_algorithm=True) 

 

        feedback.setCurrentStep(9) 

        if feedback.isCanceled(): 

            return {} 

 

        # Create a zonal histogram of each class for all hydrobasins 

        alg_params = { 

            'COLUMN_PREFIX': 'HISTO_', 

            'INPUT_RASTER': parameters['classifiedsentinel'], 

            'INPUT_VECTOR': outputs['Clip']['OUTPUT'], 

            'RASTER_BAND': 1, 

            'OUTPUT': parameters['Result'] 

        } 

        outputs['ZonalHistogram'] = 

processing.run('native:zonalhistogram', alg_params, context=context, 

feedback=feedback, is_child_algorithm=True) 

        results['Result'] = outputs['ZonalHistogram']['OUTPUT'] 

        return results 

 

#rename the outputs 

    def name(self): 

        return ' River Features' 

 

    def displayName(self): 

        return ' River Features' 

 

    def group(self): 
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        return 'XBH' 

 

    def groupId(self): 

        return 'XBH' 

 

    def createInstance(self): 

        return RiverFeatures() 

7.3 Details of files in the M: drive 

All files are available in my M: drive (UUN S212723, year 2020/21) in the 

folder “dissfinal”. The descriptions below and contact details for me are 

available in the “README.txt” in the “dissfinal” folder. 

The sub-folder “DataUsed” contains: 

• A folder called “geography” 

o Natural Earth countries “ne_50m_admin_0_countries.zip” 

o Natural Earth provinces “ne_10m_admin_1_states_provinces_zip” 

o GLoRiC data “Gloric.zip 

o GRWL data “GWRL.zip” 

o WWF level 12 hydrobasins “hydrobasin.zip” 

o Global Sentinel 2 flight path/zone tiles “sentinel2_tiles_world.zip” 

▪ A folder called “queries” 

• Hydrobasins for lower Sekong and lower Sesan 

“lower_Sekong_lower_Sesan_hybas.qqf” 

• Hydrobasins for Sekong “Sekong_hybas.qqf” 

• Hydrobasins for Xe Banghieng “Banghiang.qqf” 

• Borders of Laos and Cambodia 

“Laos_and_Cambodia_borders.qqf” 

• Borders of Savannakhet province 

“Laos_Savannakhet_borders 

• A folder called “FPA_data” 

o Existing FPAs in Laos “Laos_FCZs_full.csv” 

o Potential new FPAs on Xe Banghieng Rivers 

“Additional_XBH_FCZs.csv” 

o Data on existing FPAs in Cambodia “REF CFi RATING & RANKING, 

WB project, ST & KT, March 2019.xlsx” 

• A folder called “Sentinel-2” 

o A folder called “Xe_Banghieng” containing clipped and converted 

Sentinel-2 images for a 5km buffer around the river and its 

tributaries 

o A folder called “Upper_Sekong” containing clipped and converted 

Sentinel-2 images for a 0.5km buffer around the river 

o A folder called “Lower_Sekong_Lower_Sesan” containing clipped 

and converted Sentinel-2 images for a 0.5km buffer around the 

rivers 

The sub-folder called “Outputs” contains: 
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• Data collected for phase 1 (existing FPAs Savannakhet province) 

“phase1_data_collected.xlsx” 

• Comparison of extrapolated and new training datasets 

“comparison_extrapolated_and_new_training_datasets.csv” 

• A folder called “training_datasets” 

o Xe Banghieng training “Savannakhet_training.zip” 

o Sekong training “training_sekong.scp” 

o Lower_Sekong_Lower_Sesan training 

“training_Lower_Sekong_Lower_Sesan.scp” 

• A folder called “classifications” 

o A folder called “Xe_Banghieng”: 

▪ master-class classification “MC_classification_outputs.zip” 

▪ master-class report “Sentinel_MC_report.csv” 

▪ master-class accuracy “MC_accuracy.csv” 

▪ sub-class classification “CID_classification_outputs.zip” 

▪ sub-class report “Sentinel_C_report.csv” 

▪ sub-class accuracy “CID_accuracy.csv” 

▪ All spectral signatures 

“Xe_Baghieng_Spectral_Signatures_all.xlsx” 

o A folder called “Upper_Sekong” containing  

▪ Sub-class classification “CID_sekong.tif” and 

“CID_sekong.qml” 

▪ Sub-class report “CID_Sekong_report.csv” 

o A folder called “Lower_Sekong_Lower_Sesan” containing 

▪ Sub-class classification “PXA_cid.tif” and “PXA_cid.qml” 

▪ Sub-class report “PXA_cid.csv” 

• A folder called “processing_model” 

o A copy of the QGIS graphical processing model 

“processing_model.model3” 

o Outcomes of the processing model (excel spreadsheet and 

shapefile) for each river in the following folders: 

▪ “Xe_Banghieng” 

▪ “Upper_Sekong”  

▪ “Lower_Sekong_Lower_Sesan” 

o Overall GMRF comparison for all rivers 

“processing_model_all_hydrobasins_gmrf_comparison.xlsx” 
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