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Summary

Natural tropical deciduous forest (TDF) is considered with a medium to small height (<15
m). Particularly, in Mexico TDF shows a remnant of 36.2% of primary forest driving changes in
the structure and species composition. This vegetation in Mexico is mainly transformed into
grassland for cattle raising, and agriculture, primarily for self-consumption. More information
about the ecology and the social pressures on this vegetation can be seen in Chapter I. The
general methods, including sampling allocation and collection, characteristics of the study site,
as well the procedure of the research proposal is presented in Chapter I1.

The main aim of this thesis is to improve the accuracy of predictions of net carbon
emissions and the spatial distribution of AGB in the Tropical Deciduous Forest of Mexico. To
address this aim, it is important to take into consideration the forest structure, spatial patterns
and processes in a natural forest in a multi-scale analysis; also, it is necessary to characterize the
spatial socio-economic drivers that influence current AGB losses. With the understanding of
such elements, it is possible to reconstruct the potential carbon stocks and estimate the
allocation of net carbon emissions due to deforestation and forest degradation.

This study shows that it is possible to count net carbon emissions caused by deforestation
and forest degradation at a landscape scale. To come to such estimates, it was necessary to
reduce the different sources of uncertainty. Chapter III explores different elements that drive the
AGB allocation in a mature forest. The AGB in the mature forest was considered as the
potential AGB that the forest could get assuming that it has reached its steady state. Different
field sampling strategies and allometric equations were evaluated to account for uncertainty in
the AGB estimations. The results showed that small sampling design (300-400 m?®) and large-
sized plots (4 ha) produce the same tree distribution for trees: >30 cm in DBH as well as in
AGB. These results contradict what has been reported for others (Chave et al., 2004 and 2005)
when they refer to the general definition of tropical forest. However, those other studies referred
to forests with a much higher precipitation and which can be classified as tropical rain
(perennial) forest (Chave et al., 2004). In the tropical deciduous forest, the kind considered in
this study, AGB tends to be allocated in small-sized trees. Diverse biophysical characteristics
that may drive AGB allocation were considered over different spatial scales. Water stress was
the main driver for AGB density at different spatial scales. Nutrients showed little significance
to explain AGB as other studies have suggested in secondary forests and/or chronosequences.
With this understanding, Chapter IV shows the use of different multi-variable models.
Parsimonious models were the result of the variables selection and sensitivity test. Most of the
methodologies showed a better performance to explain AGB allocation than a null-model.
However, when they were contrasted with independent observations over different spatial

resolutions, it was possible to conclude that only GLM was capable of reproducing the spatial
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patterns, and its estimations were close to observations. Nevertheless, some observations with
very large AGB densities were underestimated by the model. This underestimation was related
to the presence of few very large-sized trees. These two chapters depict the possibility of
accounting for the potential AGB, and the uncertainty, namely whether the landscape could
reach it with the absence of human disturbance.

Once the potential AGB map was built and validated, it was transformed to carbon stock,
using a local carbon concentration estimate. This potential carbon stock map was contrasted to
the different available maps of current carbon stocks. Consequently, it was possible to estimate
net carbon emissions due to deforestation and forest degradation (Chapter V), suggesting that
the general models tend to agree in the total carbon loss. However, there are some spatial
discrepancies in the magnitudes of change. Main differences between maps can be reduced by
diverse socio-ecological constraints that dominate the landscape. This is important because it
may be possible to make future adjustments that would reduce variability, enabling more
accurate AGB estimations. However, to individually account for deforestation and forest
degradation, more detailed sources of local information are necessary, such as socio-economic
variables. Therefore models with a bottom-up perspective would lead to a better understanding
and representation of the landscape. Finally, the growing rural population will have larger
demands for wood and food, so while remote or protected areas may have the potential for
storing high AGB, forest close to settlements and access routes are likely to continue being
disturbed, unless affordable alternatives are available for the sustainable use of the forest.

In conclusion, the estimation of spatial heterogeneity of AGB in the landscape is of great
importance when measuring carbon stocks and ecological dynamics. Various elements influence
the AGB allocation in the mature forest. Among all of them, water availability played the most
decisive part of various spatial scales. My models support the hypothesis that water availability
plays the major role in explaining AGB in Mexico on a local, sub-regional and landscape scale.
Model selection produced contrasting AGB estimates and patterns. Moreover, the results of this
study tell us that there is not a clear consensus among various current AGB maps. However,
they also show that with a multi-model comparison it is possible to identify carbon emissions
drivers and calculate total carbon emissions due to forest disturbances. Socio-economic
variables played the major role in explaining AGB losses. Therefore, future studies should look

into a bottom-up approach for a better understanding and representation of current AGB.
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Chapter I. Introduction

I.1 Climate Change (CC)

In the last century, the world has experienced a rise in its average temperature of around 0.74 °C
(Miller, 1992; Mann et al., 1998; Martinez et al., 2004; IPCC, 2006). Anthropogenic CC is derived from
the use of fossil fuels: natural gas, mineral coal, and petroleum (Canadell et al., 2007; IPCC, 2007),
cement production and deforestation (Houghton, 2005b). Recently, it has been recognized that Mexico is
responsible for nearly 1.5% (512 Mt CO,..) of the global emissions, where the land-use and land-cover
change represents 16.3% (SEMARNAT-INE, 2009).

CC will impact on hydrologic cycling, which could promote stronger and shorter periods of rain
(FAO, 1996). The general trend is that evaporation rates will rise, which would reduce water availability
in many regions (IPCC, 2003; Seidel et al., 2008; Groppelli et al., 2011) with increasing droughts (Malhi
et al., 2008). Relative humidity and radiation are expected to modify their patterns too (Sherwood et al.,
2010) as will precipitation extremes (O'Gorman, 2012). As a result, it is expected that the tropical belt
widens about two degrees latitude (Seidel et al., 2008). Moreover, CC will affect ecosystems processes
and biodiversity; for example, Root et al.,(2003) suggested that CC will induce changes in plants and
animals by affecting their habitats, and by promoting the intensification of anthropogenic disturbances.
Ecosystems are capping differently in response to CC: some are expected to become extinct while others
would expand their ecological niche, increasing their distribution range. Temperate forest is moving its
tree-line to higher altitudes and latitudes; tropical ecosystems are widening their home range (Walther et
al., 2002; Parmesan and Yohe, 2003) as are those with a higher resilience to dry conditions, particularly
dry forests (Watson et al., 1997). However, a slight annual decrease in precipitation is projected to make
tropical deciduous forests subject to greater risk of forest fires in the immediate future (Fischlin et al.,
2009). Changes in temperature and precipitation patterns could lead to a reduction in NPP of tropical
ecosystems (Cao and Woodward, 1998; Del Grosso et al., 2008). Finally, in drylands a change in the
inter-annual climate variability is expected, mainly driven by modifications in precipitation, more
extreme rainfall events and intense droughts (Maestre et al., 2012). This situation may reduce forest
growth for some types of forest (Bachelet et al., 2003), while others with higher adaptative capacity may
be capable of dealing with such changes. Moreover, tropical deciduous forests are very sensitive to
changes in rainfall, which can affect vegetation productivity and plant survival (Hulme, 2005; Miles et
al., 2006). Cao and Woodward (1998) suggested that in tropical ecosystems some changes in vegetation
productivity are mainly related to CO, concentrations rather than climate change itself, which will lead to
a higher tropical carbon uptake. Some studies conducted in Costa Rica show that TDF is particularly
sensitive to life zone shifts under climate change (Enquist, 2002). For example, little decrease in the

annual precipitation would cause TDF to suffer a higher risk of forest fires.



The deforestation in the tropics has been considered an important source of carbon emissions and
as a consequence a great driver of climate change (Houghton, 2005a). However, the uncertainty of such
estimations is large, mainly as result of the following factors: (1) limited knowledge of carbon stocks of
tropical forests (Houghton, 1999; Eva et al., 2003; Fearnside and Laurance, 2003; Ometto et al., 2015),
processes of natural regeneration (Tucker and Townshend, 2000; DeFries et al., 2002), and in
understanding the impacts of deforestation, forest degradation and fires on carbon stocks (Laurance et al.,
1998; Laurance et al., 2000; Barlow et al., 2003); (2) the scale of analysis (Hansen and DeFries, 2004);
and (3) the diverse methodologies to measure, simulate or predict any of the above.

Recently there have been efforts to mitigate climate change through a reduction of carbon
emissions. One approach that has a worldwide application in developing countries is the carbon
sequestration by afforestation and reforestation through the Clean Development Mechanism (CDM)
(Santilli et al., 2005). These projects depend on mapping and monitoring changes in carbon stocks over
time. Though it has helped in reducing carbon emissions (Aukland et al., 2002; Santilli et al., 2005), it
led on to relevant negative ecological impacts (Beder, 2006, 2007) mainly because of the use of
monocultures of fast-growing tree species. An alternative approach is through REDD+ projects, which
aim to protect natural forest. The general approach is to promote forest regeneration by reduction and
avoidance of carbon emissions due to deforestation and forest degradation. REDD+ projects use as their
baseline the current carbon stocks (Harris et al., 2012), but they fail in the estimation of the potential of

carbon stocks that can be attained in a region through the curbing of human disturbance.

I.2 Carbon cycle

The carbon cycle is the combination of different physical, chemical, and biological processes that
transfer carbon between the primary storage pools (atmosphere, plants, soils, water systems and
geological sediments) (Sabine et al., 2004). Plants take up carbon dioxide (CO,) from the atmosphere
through photosynthesis. Photosynthesis transfers CO, from the atmosphere and the carbon is stored in
wood and other plant tissues (Poorter et al., 2009). The respiration that accompanies plant metabolism
transfers some of the carbon back into the atmosphere as CO, (Hogberg et al., 2001). When plants die
they also release CO, into the atmosphere (Simmons et al., 1996). A fraction of the dead organic material
is resistant to decay, and this carbon accumulates in the soil. In this way, emissions from plants, other
natural systems and human activities return carbon to the atmosphere, which renews the cycle (Kyrklund,
1990; Brown, 1997; Prentice et al., 2001; Houghton, 2003; Sundquist and Visser, 2003). On land,
numerous processes contribute to carbon storage. Some of these are directly influenced by human
actions. For example, planting of forests, conversion to no-till agriculture among others (FAO, 2010; Ontl
and Schulte, 2012). However, the amount of CO, emissions due to conversion of the natural forest is

highly uncertain. Therefore, understanding the carbon cycle and accounting for the carbon stocks, fluxes



and changes is of primary concern, and to distinguish the effects of human actions from those of natural
system (CCSP, 2003).

Temperature and precipitation, solar irradiation isolation and soil nutrients are recognized as
primarily responsible for plant development (Holmgren et al., 1997; Berdanier and Klein, 2011;
Medeiros and Drezner, 2012; Peterson, 2012), therefore, carbon sequestration. However, depending on
the scale of analysis and the ecosystem under study water availability and soil nutrients perform
differently (Allen and Hoekstra, 1990; Turner, 2005; Currie, 2011). On one hand, at global scales,
climatic variables are main factors to explain AGB by eclipsing species composition (Becknell et al.,
2012) and other local variables (Snyder and Tartowski, 2006). Different authors found that annual
precipitation explains over 50% of the variation in AGB with a negative correlation (Brown and Lugo,
1982; Eaton and Lawrence, 2009; Becknell et al., 2012). On the other hand, at a landscape scale variables
such as solar irradiation, slope, aspect and soil texture are recognized to be the major influences on water
availability for plants, mainly in dry ecosystems (Leitner, 1987). Among other factors concavity of the
terrain has been thought to explain biomass allocation (Berdanier and Klein, 2011; Peterson, 2012).
Moreover, the availability of a suitable microclimate is critical for the response of species distribution
(Bennie et al., 2008), by driving the individual development of trees (Holmgren et al., 1997; Berdanier
and Klein, 2011). Nevertheless, Powers et al., (2009) and Medeiros et al., (2012), in a multi-scale
analysis, suggest variation in rainfall, soil properties, and nutrients are the main factors contributing to
structural change in tropical deciduous forest. However, little is known about N and P patterns in mature
forests (Gei and Powers, 2013) which are important factors to know in order to understand the structural

differences in the tropical deciduous forest.

|.3 Forest ecosystems

Forestland plays a major role in the global carbon cycle which is closely inter-related with climate
change. It is estimated that of a total of over 40 million km® of global forested land, 44% is in the tropics,
34% in the boreal latitudes, 13% in temperate regions, and 9% in subtropical regions (FAO, 2005; FRA,
2010). However, more than 50% of the forest is concentrated in just five countries (Russia, Brazil,
Canada, United States of America and China) while Mexico is located in twelfth place (FRA, 2010).

Globally, it has been calculated to be between 289 (FRA, 2010) and 558 Gt C (Houghton, 2005a)
in forest biomass, with an average reduction of 0.5 Gt C per year from 2005 to 2010, mainly centered in
the tropics (FRA, 2010). Tropical forests represent a large reservoir of carbon, nearly 50% of carbon
stored in vegetation (Houghton, 2005a). However, land-use and land-cover change (LUCC) have become
of great concern in the global carbon cycle and emissions (Carpenter et al., 2006). Mexico plays a
particularly major role in carbon sequestration with nearly 64.8 million hectares of forested land, 20.2

million hectares of other wooded land and with over 2,043 million tons of carbon in live biomass (FRA,



2010). Even though the tropics are considered a net source of carbon emissions due to high deforestation
rates (Houghton, 1995), others believe they act as a carbon sink (Lugo and Brown, 1980; Brown and
Lugo, 1984). This is because some tropical forests are in recovery from previous disturbances.

Tropical forests can be grouped based on their seasonality. The three main potential drivers of
phenological change on vegetation are: solar radiation, precipitation and air temperature (Ningthoujam
and Mutum, 2010). As a result, their combination causes the existence of very dry forests like the tropical
deciduous forest, or less water-stressed ones such as tropical semideciduous forest and tropical rain forest
(FAOQ, 2005) - the last of these is the most studied and the first is the least studied (Janzen, 1986; Dirzo et
al., 2011). However, in recent times, the tropical deciduous forest is being given great importance due to
its high deforestation rates (Maass et al., 2005; Dirzo et al., 2011; Corona, 2012). In Mexico dry
ecosystems represent 53.7% (57.6 million hectares shrubland and 16.5 million hectares tropical

deciduous forest) of its 138 million hectares of natural forested land (SEMARNAT, 2012).

I.4 Tropical Deciduous Forest (TDF)

Tropical deciduous forest has many homonyms according to diverse authors or research purposes,
which can lead us into confusion in terminology. This study considers the following names as describing
the same type of vegetation:

Selva estacional seca

Selva tropical seca
Deciduous seasonal forest
Deciduous forest

Dry tropical forest

Dry deciduous forest
Tropical dry forest

Short tree forests

Tropical deciduous forest
Seasonally dry tropical forest

Selva baja caducifolia

Selva baja subcaducifolia
Selva mediana caducifolia
Selva mediana subcaducifolia
Bosque tropical caducifolio
Bosque tropical subcaducifolio
Bosque tropical deciduos
Bosque deciduo semiarido
Bosque seco

Selva seca

This forest grows within an average temperature over 17 °C, a precipitation of 250 - 2,500 mm
yearly, and a seasonality of 4-6 months (precipitation <100 mm) (Murphy and Lugo, 1986a; Trejo-
Vazquez, 1999; Dirzo et al., 2011). In México, this vegetation is distributed in regions where the
temperature ranges from no lower than 0°C to a high that normally does not exceed 29°C (Trejo-
Vazquez, 1999; Dirzo et al., 2011), and with a rainfall from 600 to 1,200 mm per year, with two dry
seasons. This forest is allocated on slope with shallow soils. Its altitude ranges from 0 to 1,900 m asl.
According to Fischlin et al., (2009) the seasonal tropical forests are characterized by a ratio of
precipitation to potential evapotranspiration between 2 and 1, whereas tropical deciduous forests are
characterized by a ratio <I.

TDF ecosystem is considered with a medium (10-15 m) or small height (<10 m). During the dry
season the senescence is noticed, because ~75% of the elements lose their leaves (Miranda and
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Hernandez, 1963), However, during the rainy season the forest becomes fully green (Rzedowski, 2006).
The canopy is extended and well developed. It has a shrub strata with lianas, sometimes cacti (Trejo-
Vazquez, 1999; Trejo and Dirzo, 2002). Table 1.2 shows ecological characteristics of this forest.

Some of the most representative species range from 6 to 10 m and they are: Bursera excelsa; B.
simaruba; B. sessiliflora; Amphipterygium adstringens; Ceiba sp.; Lysiloma divaricata; Pachycereus
pecten-aboriginum; Plumeria rubra; Thevetia ovata; Lonchocarpus sp.; Lysiloma sp; and Pithe cellobium
sp. Some other species that range from 1.5 to 3 m are: Acacia cochliacantha; Jacquinia aurantiaca;
Randia nelsonii; Jatropha sp.; Opuntia sp.; Croton sp.; Cnidoscolus sp.; Bromelia pinguin; Bromelia
pinguin; and Turnera diffusa. Finally, the herbaceous strata are represented during the dry season and the
genera that can be found are: Bouteloua sp.; Aristida sp.; Setaria sp.; and Muhlenbergia sp. (INEGI,
2004).

Where climatic conditions are more favorable, there are some plants that can grow larger than the
average, and they can conserve their leaves during the dry season. Some examples of species than can
grow up to 20 m are: Heliocarpus sp.; Diphysa robinioides; Astronium graveolens; Coccoloba
barbadensis; Enterolobium cyclocarpum; and Brosimum alicastrum. Species that grow 10-15 m are:
Bursera simaruba; Calycophyllum candidissimum; Nectandra sp.; Apoplanesia paniculata; Ceiba
pentandra; Stenocereus sp.; Leucaena sp.; Belotia insignis; Plumeria rubra; Gliricidia sepium; and
Erythrina sp. Tree species up to 5 m include Cryosophilla argentea; Celtis sp.; Forchhammeria pallida;
Luehea speciosa; Pedilanthus sp.; Pulsenia armata; shrub strata with up to 2 m in height are Cryosophila
argentea and Bromelia sp. (INEGI, 2004).

Table I.1 General characteristics of Mexican Tropical Dry Forest

L . Genera 524
Biodiversity Species 1,484
. Small forest 221
Density (trees/ha) Medium and high forest 514
2 Small forest 4.74
Basal area (m°/ha) Medium and high forest 12.03
. . Aboveground 81.6

0,
Proportion of Biomass (%0) Belowground 18.4
Organic carbon in soil (Mg ha™) 47.67
Volume (m® ha yr') 2.97
Growth rate Biomass (Mg ha yr™) 3.03
Land cover (million hectares) Secondary forest 19.98
Primary forest 7.37

(FRA, 2010; CONAFOR, 2012; SEMARNAT, 2012)



|.5 Deforestation

There is agreement about the role of forests in the global carbon cycle and hence global climate
(Cramer et al., 2004). For example, tropical forests store large quantities of carbon, but are being
transformed into agricultural land and pasture land for cattle raising, and are releasing additional carbon
into the atmosphere (Melillo et al., 1996; Houghton, 2008; FRA, 2010). As a result, the future role of
tropical forests in the global carbon cycle is a function of future deforestation rates and the degree to
which remaining forests will be sustainable or even increase their carbon stock (Cramer et al., 2004).

Tropical forests are the most important land-cover vegetation type in terms of area (Friday and
Laskey, 1991). However, in the last decades human activities have modified and transformed such
ecosystems (Vitousek et al., 1997). For example, it has been reported that nearly 16 million forested
hectares were transformed per year worldwide during 1990-2000 (FRA, 2010). Deforestation and forest
degradation account for between 7% and 30% of total anthropogenic carbon emissions (Canadell et al.,
2007; Denman and Brasseur, 2007). Moreover, worldwide global anthropogenic deforestation flux went
up to 1.6 Gt C yr' (Bolin et al., 2000; Prentice et al., 2001). Most of these changes have been
concentrated in South America and Africa, where the annual deforestation rates exceed 4 and 3.4 million
hectares, respectively. Mexico in particular has been considered to be among the top ten deforesting
countries (FAQO, 2005). For example, since 1950, nearly 42 million hectares have been deforested at rates
of 155 to 354 thousand hectares per year (Table 1.1) and only in recent times has there been a reduction in
the rates (FRA, 2010). The highest deforestation rates are located in the south of Mexico with nearly
189.8 thousand hectares per year (SEMARNAP, 1998). According to Sosa-Cedillo (2008) Oaxaca shows
the highest deforestation rate in the country and this is focused on the TDF. In the next table can be seen

diverse deforestation rates reported to various regions of Mexico.

Table I.2 Deforestation rates reported by different studies to Mexico and Oaxaca state.

Deforestation  Deforested area

Location rate (%) (1000 ha) Period Reference

México 0.52 354.0 1990-2000 FRA (2010)

México 0.35 235.0 2000-2005 FRA (2010)

México 0.50 318.5 1990-2005 FAO (2005)

México 0.24 155.0 2005-2010 FRA (2010)

South of -- 189.8 -- SEMARNAP (1998)

México

TDF of México -- 300.0 1990-1995 INEGI, (2000); Miranda, (1996)

TDF of México -- 163.0 1992 Rincon et al., (1999)

TDF of México 1.9 - 1977-1992 Porter-Bolland et al., (2007)

Oaxaca 0.35 -- 1980-2001 Velazquez et al., (2003)

Oaxaca 0.60 609.1 -- Céspedes-Flores and Moreno-
Sanchez, (2010)

TDF of Oaxaca 0.70 67.69 1996-2002 Self estimated from from S.II and
S.I (INEGI, 2001, 2005)

TDF of Oaxaca 0.85 67.26 2002-2005 Self estimated from S.III and S.IV
(INEGI, 2005, 2008)

TDF of Oaxaca 0.74 128.0 1996-2007 Self estimated from S.II and S.IV




(INEGI, 2001, 2008)

While more research has been done on moist tropical forests (Skutsch et al., 2009), drier tropical
forests are also important: tropical deciduous forest (TDF) accounts for nearly 5% of the global carbon in
vegetation and soils in terrestrial ecosystems (Houghton and Skole, 1990). Information on forest losses for
TDF are sparse and uncertain. According to Chomitz et al., (2007) in the tropics, nearly 78% of the TDF’s
original area had been modified; other researchers suggest a more optimistic 48% (Miles et al., 2006; Dirzo
etal., 2011). WWF (2012) assessed that TDF potentially covered an area of 31.5 million hectares from the
northern Mexican Pacific Ocean to Central America. The Global Land Cover 2000 calculated for
Mesoamerica an extent of 18.9 million hectares (Taken from Dirzo et al., 2011), while Miles et al., (2006)
estimated for the same year 13.4 million hectares. In particular, in Mexico TDF shows a remnant of 25-36%
(Rzedowski, 1998; Portillo-Quintero and Sanchez-Azofeifa, 2010; Dirzo et al., 2011; CONAFOR, 2012) of
the original 33.5 million ha (INEGI, 2003a), of the primary forest driving changes in the structure and
species composition. These changes have driven the growth of secondary forest (Rzedowski, 1998; Dirzo et
al., 2011). For example, this vegetation in Mexico is now recognized to be of great conservation importance
due to high deforestation rates (Trejo and Dirzo, 2000; Maass et al., 2005; Dirzo et al., 2011). It is mainly
transformed into grassland for cattle raising, and agriculture, mainly for self-consumption, in a less
significant proportion, to irrigated agriculture (Maass, 1995; Noble and Dirzo, 1997; Janzen, 1998; Trejo
and Dirzo, 2000; Corona, 2012). Others have reported transformation for wood fuel (Flint and Richards,
1994; Tverson et al., 1994; Houghton, 1999; Houghton and Hackler, 1999; Achard et al., 2002; Serrano-
Medrano et al., 2014). In some cases this can exceed biomass lost by deforestation (Gaston et al., 1998).
This loss explains why this vegetation type is considered as one of the most endangered (Janzen, 1986;
Janzen, 1998; Dirzo et al., 2011).

LUCC is considered the main driving force leading to environmental degradation, land
fragmentation, loss of global biodiversity (Lambin et al., 2001) and carbon losses at local scales (Corona,
2012). However, local drivers such as demographic and biophysical factors play a major role in explaining
spatial patterns of LUCC across the landscape (Biirgi et al., 2004; Pan et al., 2004). Lambin et al., (2003)
suggest that the driving forces for LUCC can be divided into proximate and underlying causes. Proximate
causes act directly on the vegetation cover and underlying causes work at a broader scale and modify one or
more proximate causes. Whereas some studies explain these dynamics through biophysical variables (Hietel
et al., 2005), others have focused on social, political and economic factors (Lambin et al., 2001; Biirgi et
al., 2004). Analysis of local deforestation should ideally focus on the forest ecosystem and its uses, the
landscape dynamics and the local demographic, cultural, social, economical and political characteristics that
drive deforestation (McConnell et al., 2004). Therefore, the systems have to be evaluated under a socio-
ecological perspective (Lambin and Meyfroidt, 2010). To understand forest carbon losses due to

deforestation and forest degradation, models should look into these drivers as important sources of



information to explain current AGB estimates and their potential to produce more reliable local AGB

estimates.

|.6 Carbon losses

To estimate current carbon stock and the rate of loss, contrasting approaches have been taken into
consideration. Some authors have estimated the loss of biomass by considering a mean deforestation rate
and a mean of biomass (Achard et al., 2002; DeFries et al., 2002; Achard et al., 2004; Houghton, 2005a)
which resulted in divergent estimations. This is because AGB is distributed heterogeneously across the
landscape (Slik et al., 2010; Slik et al., 2013; Ometto et al., 2015), and deforestation rates change over
temporal and spatial scales (Ewers et al., 2008; Corona, 2012; Ometto et al., 2015). The result is an
under/over-estimation of carbon emissions, limiting its utility for environmental management or policy
making. Some others have estimated AGB over different time steps (Harris et al., 2012; Ryan et al., 2012;
Collins and Mitchard, 2015). By comparing at least 2 of those dates it is possible to estimate carbon
emissions over a known time step. However, these emissions are not able to estimate the total AGB that has
been lost and they can mislead understanding of where the major AGB losses occurred, mainly as a result of
the saturation point of modeled AGB. Moreover, ground data, remote sensing, deforestation and forest
degradation tend to have distinct spatial and temporal scales. These mismatches affect the estimation of the
total area that has been deforested (Foody, 2002) based on the changes in spectral reflectance (Bolovo et al.,
2010), but also on the carbon emissions that can be related to such changes. These differences can lead to
higher AGB estimate uncertainties than the measured AGB losses. Nevertheless, these methodologies are
useful for implementing conservation strategies to reduce the impacts of deforestation on carbon stocks.

More recently, other authors have simulated carbon stocks over large temporal and spatial scales,
mainly at global or continental scales (Saatchi et al., 2011b; Arora et al., 2013; Anav et al., 2015; Walker et
al., 2015; Wieder et al., 2015) with few examples at sub-continental scales (Saatchi et al., 2007; Exbrayat
and Williams, 2015). These studies help in the understanding of global dynamics on nutrient fertilization
and cycling, the impact interaction across the carbon-climate system and carbon stock distributions.
However, they fail in capturing the spatial heterogeneity of the carbon stocks on a regional scale, hiding
ecological processes and homogenizing ecosystems dynamics that are constrained on finer scales.
Moreover, these regional approaches tend to have poorly specified timing. As a consequence, it is difficult
to estimate the carbon emissions (Saatchi et al., 2007) and to use such information for any policy making or
emissions control.

Particularly to this thesis the next definitions were used (FAO, 2000) the next definitions were used:
Carbon pool will be understood as a reservoir or system that can accumulate or release carbon. Carbon
stock is the absolute quantity of carbon, expressed in mass units, held within a pool at a specified time.
Carbon flux is the transfer of carbon from one carbon pool to another in units of measurement of mass per
unit area and time. Carbon sink is the which removes a greenhouse gas from the atmosphere. Sequestration

or uptake is the process of increasing the carbon content of a carbon pool other than the atmosphere.



.7 Ground-based forest inventory data

Forest inventory approach is of primary concern in biomass and carbon stock quantification. Chave
et al., (2004) indicate that if there is not a full representation of the forest type, the site variability will not
be correctly evaluated, and the biome average could be misunderstood. Size and number of sample plots
become fundamental issues to be considered during the inventory.

Chave et al., (2004) quantify the error due to tree measurement. The first error comes from tree
measurements. During this procedure DBH, height and wood density are defined for each tree. The
common measurement errors are double counting, missing trees, or mistakes during sampling reading.
The second error is due to the uncertainty in the plot sampling. Because it is argued that biomass is not
normally distributed in small sampling plots - on the basis that rare large trees contribute to most of the
biomass in the landscape. The general approach that has been undertaken is of having a large number of
sample plots and area in order to best evaluate landscape variability in tropical ecosystems. It is expected
that bigger plots could reduce the bias of under- or over-representing rare large-sized trees which are not
distributed in a normal pattern, and bigger plots could reduce this bias (Keller et al., 2001; Chave et al.,
2004; Chave et al., 2005). For example, Chave et al., (2004) reported a coefficient of variation of 32% in
10x10 m plots, reducing this value to 10% and 6% in plots of 50 x 50 m and 100 x 100 m, respectively, to
nearly 5% in plots of 150 x 150 m, and showing no significant reduction in bigger plots. For these
reasons, if a biomass average is to be estimated across the landscape or the region, it is recommended that
the size and number of plots be increased to at least 0.25 to 1 ha, in concordance with Chave et al.,
(2004). Moreover, Chave et al., (2004) reported for tropical forest with a mean annual precipitation of
>2,500 mm a minimum plot size >2,500 m*. However, this tropical forest refers to tropical rainforest
(Turner, 2001), and it is unknown into what extend this generic rule may apply to other tropical
ecosystems. Nevertheless, this approach is complementary to others to spatialize the biomass by remote
sensing and modelling (see section 1.9). The idea is to aggregate under the same value all the
heterogeneity, while the second approach is looking into biomass distribution across the landscape. This
is because the spatial scales of biomass variability are not entirely understood, for example human
disturbances, natural regeneration or climatic interactions to drive biomass allocation as well as when the
aim is to measure biomass from space (Houghton, 2005a). Therefore, the scale of sampling collection
would be chosen according to what it is we want to understand.

Different tropical ecosystems’ biomass estimations have adopted a mixture of sampling strategies,
and there is not a general methodology for making such a priori selection design. The sampling design is
based on site characteristics, expert knowledge and/or expertise. The ideal sampling size for TDF is not
clear, but this can be the result of complex topography. Thus, it is important to identify the best sampling
approach for reducing the uncertainty in aboveground biomass (AGB) estimates. In Table 1.3 it can be
seen that the sampling strategies in other tropical ecosystems differ to those implemented in the TDF. On

the one hand, savanna ecosystems with little tree densities, or tropical rain forest with large densities of



medium to large-sized trees have focused on nested sampling strategies with large-sized plots. This
strategy was adopted to record the largest amount of AGB which tends to be allocated in large-sized
trees. On the other hand, the strategies implemented in the TDF are particular. Some have adopted the
measurement of all trees within a small area, while a few others have done the sampling collection over
large-sized plots but limiting the AGB estimations to a minimum DBH. In none of the reports was it
possible to calculate the sampling density base on their study site. For example, in the TDF most of the
sampling approaches have been by small plots <100 m* (Hubbell, 1979; Jha and Singh, 1990; Castellanos
et al., 1991; Martinez-Yrizar et al., 1992; Cairns et al., 2003; Jaramillo et al., 2003; Gallardo-Cruz et al.,
2005; Garcia et al., 2005), 100-400 m*> (Sagar and Singh, 2006; Bijalwan et al., 2010; Burquez and
Martinez-Yrizar, 2010) and 500 m? (Eaton, 2005; Sagar and Singh, 2006; Bijalwan et al., 2010; Burquez
and Martinez-Yrizar, 2010; Navar, 2010) with several repetitions. Very few examples exist of plots with
sizes near 10,000 m* or bigger (Jaramillo et al., 2003; Gasparri et al., 2010) (Table 1.3). Moreover, and
particularly to Mexico, the Mexican National Forest Inventory (NFI) is a national inventory database that
provides information of forest resources (degradation processes, biomass stocks, biodiversity, etc). The
field plot of this inventory varies accordingly to the vegetation type and they are allocated systematically
all over the country. The TDF's NFI is based on rectangular plots of 10x40 m, where all trees >7.5 cm in
DBH were recorded (DBH and height). For recording trees under 7.5 cm in DBH, the NFI subsampled
each of the plots in subplots of 12.56m". In each of the subplots number of trees and height was recorded
(CONAFOR, 2007). In any case, it is not clear if the sampling strategy implemented in the TDF that was
adopted as a standardized sampling approach, was the ideal sampling size because of the inner

homogeneity in tree size density, or because of the difficulty of sampling this kind of forest in the field.

Table I.1 Sampling collection in tropical sites for biomass estimation.
Parcel size (m?), DBH measurement (cm) and number

of samples
Site 0-500 500-5,000 5,000-10,000  >10,000 Reference
Mozambique 314 m%; 5,700 m?; Woolen et al.,
5-10 cm DBH; >30 cm DBH; (2012)
N=90 N=30
Mozambique 2,500 m” and 10,000 m*; Ryan et al.,
5,000 m?; >5 ¢cm DBH; (2011)
>5 ¢cm DBH; N=15
N=30 and 5
Panama 1,600 m* and 10,000 m%; Chave et al.,
3,200 m*; >10 cm DBH; (2004)
>1 c¢cm and 10 N=45
cm DBH;
N=35and 9
India, TDF 100 mz; Jha and Singh
>1 cm DBH; (1990)
N=420
India, TDF 100 m’; Sagar and Singh
>9.6 cm DBH; (2006)
N=100
India, TDF 400 m?; Bijalwan et al.,
DBH and N not reported (2010)
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Argentina, 8,000 m*; Gasparri et al.,

TDF >10 cm DBH; N=15 (2010)

Costa Rica, 400 m%; Hubbell (1979)

TDF >2 cm DBH;
N=336

Mexico, TDF 100 mz; Castellanos et
>3.2 cm DBH; N=4 al., (1991)

Mexico, TDF 25 m’; Martinez-Yrizar
>3 ¢cm DBH; etal., (1992)
N=40

Mexico, TDE 100 m’; 12,000 m*; Jaramillo et al.,
>3 ¢cm DBH; DBH not (2003)
N=16 reported; N=1

Mexico, TDF 100 m%; Cairns et al.,
>10 cm DBH and <10 cm (2003)
N=50 and 15

Mexico, TDF 100 m%; Gallardo, et al.,
>1 cm DBH; N=30 (2005)

Mexico, TDF 100 m%; Garcia et al.,
>1 cm DBH; (2005)
N=34

Mexico, TDF 400 m’; Navar et al.,
>7.5 cm DBH; (2010)
N=40

Mexico, TDF 500 m%; Eaton and
>1cm DBH: Lawrence,
N=36 (2009)

Mexico, TDF 25 m’; Rodriguez et al.,
>1cm DBH: (2010)
N=34

Mexico, 25 m?; Burquez and

shrubland >] cm DBH; Martinez-Yrizar,
N=20 (2010)

Mexico, TDF 400 m2; National Forest
>7.5 cm DBH Inventory

(CONAFOR,
2007)

[.8 Allometric equations

After a ground-based forest inventory, a critical step for biomass estimation is the use of allometric
equations (Chave et al., 2004). Some equations can be developed from destructive harvesting during the
field survey where DBH and height of each tree are measured to relate them to its total biomass. From
this relation, allometric equations can be developed and further applied to other trees for biomass
estimation. According to Brown (2002) 95% of the variation in above-ground tropical forest carbon
stocks can be explained by the DBH alone, even in diverse regions. In recent years, different authors have
noticed the necessity to develop general allometric equations for tropical ecosystems (Brown et al., 1989;
Brown, 1997; Chave et al., 2004). However, because of the high diversity of species, to develop a
species-specific equation is very impractical. Moreover, on most occasions there are not site or region
specific equations. As a result, it is necessary to use equations developed from other sites, which can lead
to an under- or over- biomass estimation. For example, it has been reported that high estimates are based

on direct and destructive sampling, while lower estimates are based on volumetric equations which are
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transformed to biomass (Brown and Lugo, 1984; Palm et al., 1986; Hall and Uhlig, 1991). During the last
years diverse allometric equation reports have been done about tropical forest under contrasting
precipitation conditions for biomass estimation (Table 1.4).

The general approach for tropical forests biomass estimation across the landscape is to estimate the
aboveground biomass of each tree in a stand by applying to its measured diameter the most proper
available biomass allometric relation, and then to sum the tree estimates (Brown, 1997; Chave et al.,
2004). From this can be derived an average biomass per site, which later could be transformed by other

means into a spatial representation.

Table 1.2 Allometric equations in diverse tropical sites for biomass estimation

Equation Ecosystem R2 Source

Kg=0.0841* (D**) TDF, Sinaloa, Mex 0.79 Navar (2009)

kg=10"((-0.5352)+log;, (BA)) TDF, Jalisco, Mex, <900  0.94 Martinez-Yrizar et al.,
mm (1992)

kg=p*exp(-0.667 + (1.784*In(D)) +
((0.207*In(D))*)-((0.0281 * In(D))*))

Dry forest, tropics --

Chave et al., (2005)

kg=0.112*((pD*H)"""%)

Dry forest, tropics

Chave et al., (2005)

kg=p*exp(-0.667 + (1.784*In(D)) +
((0.207*In(D))*)-((0.0281*In(D))*))

Dry forest, tropics

Chave et al., (2005)

Kg=0.0673 x (pD’H)"""®

Pantropics

Chave etal., (2014)

kg=34.4703 - (8.0671*D) + (0.6589*D?)

Dry forest, tropics

Brown et al., (1989)

ke= exp ((-2.4090 + (0.9522*In (D” *H*p))

Dry forest, tropics

Brown et al., (1989)

kg=exp(-1.996 + 2.32*In(D)) Dry forest, tropics, 900-  0.89 Brown, (1997)

1,500 mm

kg= exp (-2.134 + 2.530*In(D)) Moist forest, tropics, 0.97 Brown, (1997)
1,500-4,000 mm

Kg=(21.297 - (6.953*D) + (0.74*D?) Wet forest, tropics, 0.92 Brown, (1997)
>4,000 mm

p= wood density

D=DBH

H=height

BA=Basal area

1.9 Biomass spatialization

Natural forest is spatially heterogeneous due to particular environmental and topographic
conditions, and human disturbance (Houghton et al., 2001; Houghton, 2005a; Ryan et al., 2012; Woollen
et al.,, 2012). For that reason, it is hard to measure all the sites and components to make a proper
estimation of carbon or biomass density per unit area, (see section 1.6). As a result, other approaches have
been taken into consideration for spatializing the field sampling across the landscape. Moreover, the
higher spatial resolution facilitates coordination of ground data collection with diverse information
sources, thus assuring homogeneity of vegetation conditions within pixels. For example, some
researchers have used remote sensing data to map surface area characteristics, including spectral mixture
analysis (Lu et al., 2005); regression tree modelling (Michaelsen et al., 1994; Baccini et al., 2012a;
Cartus et al., 2014); decision tree classification (Dougherty et al., 2004); subpixel classification (Civco et

al., 2002); neural network classification (Civco and Hurd, 1997); maximum entropy algorithms (Saatchi
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et al., 2011a; Rodriguez-Veiga, 2016; Rodriguez-Veiga et al., In Press) and regressions (Bauer et al.,
2005). Besides that, remote sensing coupled with modelling has been used as a proxy to estimate
biomass. Remote sensing techniques show pros and cons, being the most common problem the signal
saturation, mainly as a result of dense canopy closure in perennial forest (Gibbs et al., 2007) and less
common in deciduous forest (Gasparri et al., 2010). While these approaches are useful to reconstruct
current biomass estimates, there is still a lack of understanding of how these techniques may be used to
reconstruct the potential biomass under non-human disturbance ecosystems.

In recent years different authors (Baccini, 2008; Goetz et al., 2009; Mitchard et al., 2011; Baccini
et al., 2012b; Mitchard et al., 2013; Avitabile et al., 2016) have worked on developing tools for
understanding, validating and/or measuring current AGB estimates over pan-tropical regions. Some other
authors (Cartus et al., 2014) have worked at a national scale to access field plot density information (eg.
National Forest Inventory), or because it is recognized that areas such as Mexico with high diversity in
ecosystems and complex topography present a real challenge for AGB estimation (Rodriguez-Veiga,
2016). Despite the validation of previous AGB maps produced for Mexico, currently there is still high
uncertainty across these predictions. It is unknown to what extent those validations apply at global or
national scales, and how they can be used for better decision making at regional scales (Saatchi et al.,
2007). According to Mitchard et al., (2013) Baccini’s and Saatchi’s maps produce similar total AGB
estimates at a national scale, but sub-regional scales suggests that AGB allocation is significantly
different. However, understanding why or to what extent diverse AGB maps differ at the landscape scale
is missing. Recent studies have undertaken different approaches to improve the accuracy of AGB maps.
Avitabile et al., (2016) used different sources to improve Baccini's and Saatchi's maps. Cartus et al.,
(2014) and Rodriguez-Veiga (2016) and Rodriguez-Veiga et al., (2016) focused on just one country with
many more field observations than any other map. However, there is still a lack of consensus in the
results of such maps. Besides Rodriguez-Veiga (2016) and Rodriguez-Veiga et al., (2016) there is also no
independent validation of these maps at the scale of their applicability. Therefore, the total carbon forest
emissions due to anthropogenic actions by deforestation and forest degradation processes is unknown.

Moreover, distinctive approaches have been considered to reconstruct natural biomass. Dynamic
Global Vegetation Modelling (Cramer et al., 2001) and Ecosystem Demographic Modelling (Moorcroft
et al., 2001). These models simulate the successions until steady state, based on vegetation structure and
the magnitude and spatial pattern of the carbon sink. Another approach, as it is proposed in this thesis is
to understand the main drivers of biomass allocation in mature forest. Mature forest biomass is assumed
as the potential biomass that a landscape could reach with no human disturbance due to a multi-scale

interaction of factors that have directly or indirectly driven its allocation.
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[.10 Justification and aims

Climate change will have impacts on the permanence of forest and therefore on forest carbon
stocks (Meir and Pennington, 2011). The change will result from alterations to the frequency, intensity,
duration, and timing of fire (Flannigan et al., 2000), droughts (Cox et al., 2008; Lewis et al., 2011),
hurricanes and windstorms (Dale et al., 2001). Because temperature is a key environmental factor that
regulates biological processes (Dougherty et al., 2004; Davidson and Janssens, 2006; Piao et al., 2010),
climate change will also lead to alterations in forest structure, with the expansion of species with higher
adaptative capacity. It is expected that climate change may influence inter-annual variations of
temperature and precipitation in dry forests (Diffenbaugh et al., 2008). For instance, TDF can increase its
distribution range and may displace tropical wet forest according to the future dry and warmer
environmental conditions. Moreover, arid ecosystems can shift towards a desert condition by decreasing
rainfall (Solé, 2007). As a result, it is important to understand current carbon stocks, as well as potential
carbon stocks that are expected under a non-human disturbance scenario. While much attention has been
focused on tropical moist forests, little attention has been paid to TDF. According to Skutsch et al.,
(2009) TDF carbon emissions are also important, because more carbon losses may occur even though
their carbon content is considerably lower per hectare than other tropical forests. This forest has a little
commercial value, which promotes traditional techniques of production in local populations, similar to
observations done for Mexico (Burgos and Maass, 2004; Castillo et al., 2005; Dirzo et al., 2011; Corona,
2012). However, how much carbon has been lost due to anthropogenic activities have not been quantified
because of a lack of understanding of potential carbon stocks. Consequently, it is important to analyze the
TDF as a socio-ecological system and to understand the different impacts (topographic, climatic and
socio-economic) that can promote change in the TDF carbon stocks distribution.

In accordance with this point, the general aim of this thesis is to estimate the net carbon losses and
its spatial variability in a Tropical Deciduous Forest in Mexico. To address this aim, not only is it
important to take into consideration the mature forest structure, spatial patterns and processes in a multi-
scale analysis; also, it is necessary to characterize the spatial bio-physical drivers that influence mature
AGB and the socio-economical drivers to understand the current AGB patterns and losses. With the
understanding of such elements, it is possible (1) to reconstruct the potential carbon stocks and (2) to
estimate the allocation of net carbon losses due to deforestation and (3) to understand the impact of forest
degradation. Thus the critical questions of this thesis are:

e  What are the main factors that control the AGB distribution in a natural landscape?

e Which are the main responsible factors for understanding AGB allocation in the landscape
and its associated bias?

e How much AGB has been lost in a tropical deciduous forest and what are the main drivers

of such losses?
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Chapter Il. Data and Methods

[I.1 General thesis outlines diagram

The general methods are comprised in 3 general steps (Figure I1.1; the different steps are identified
by different colouring lines). In chapter III field data collection, biophysical variables and selection of
mature forest observations were done. In the same chapter III field observations of mature forest were
contrasted against different predictor variables to understand the relationship to AGB. This general
process can be seen within the dashed green line. Within the blue solid line are highlighted the different
elements used for Chapter IV. This chapter tested different statistical models to reproduce the potential
AGB that could be expected under a no disturbance scenario. Finally, within the red solid line the process
of chapter V is highlighted. In this chapter, driver forces of carbon emissions were identified.

In a particular manner, the different steps were disaggregated in sources of information, results and
interactions between any of the previous. The first step was the sampling collection (green box). This
sampling strategy was the base of all the next stages of this research. From it a probability map of
deciduousness was built as a predictor variable including topographic and climatic variables (violet box)
to understand the drivers of mature AGB allocation (Chapter III). Through a multi- variable and model
analysis the potential AGB was reconstructed (orange box) (Chapter IV). By contrasting different current
AGB estimates (grey box) and the potential AGB developed in chapter IV it was possible to estimate the
net carbon losses (yellow box) (Chapter V). In the same Chapter V patterns and processes of carbon
losses were evaluated with regression trees (blue box). From it, it is possible to identify promissory

places for carbon sequestration through forest restoration.

r Sampling Spatial co-variates l
: collection

| [(—— 17T
I

I

500 decidL.Jones MaxEnt
observations

I
N=47 forest ) 188 field plots | PD
aggregation (1km2 (300-400m2) |

I
| U
83 mature forest |

Validation

|
[
[
I
| plots (300-400 mZ):
[
T e — ‘~> 1

Saatchi Input maps Multi-models
Baccini
Cartus
Potential AGB
Avitabile
Rodriguez-Veiga Current AG I

v

l AGB Iossesi Regress. Driving forces
Tree

| AGB def = (Pot AGB) — (TANF x mean AGB) ]

Figure II.1 The diagram flow chart shows the different steps followed during this thesis.
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1.2 Study site

The study site comprises five municipalities with an area of ~21,570 km?. This region is known as
the Southern Coast of Oaxaca (CIEDD, 2012). The extreme coordinates are 15.63” N and 15.96° N and -
96.03° W and -95.97° W (Figure 11.2).
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Figure 1.2 The figure shows the sampling location of 83 plots of mature forest over an altitude grid
map. The bottom left-hand panel highlights in red the study site in the State of Oaxaca and the
bottom right-hand panel shows the location of the State of Oaxaca.

It's regional topofeatures (geoforms) are characterized by knolls with plains, and some small mountain
ranges. Geomorphologically this region can be grouped in folding low hills near the coast followed by block
hills with low dissection and pre-mountainous with low dissection (Corona, 2009; INEGI, 2009). According
to the INEGI (2009), this region is dominated (~90%) by intrusive igneous and metamorphic rocks like
Gneis. The most widely distributed soil type is the regosol with a lithic phase and sandy texture, followed by
cambisol and lithosol (Corona, 2009; INEGI, 2009) with less representation of alluvial soils and littorals.

Corona (2009) reported different pedogeomorphologic profiles. The profiles included processes of soil

formation, geomorphology, geology, slope, aspect, geomorphology, potential vegetation and degradation,
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and analyses forest and soil dynamics over an altitudinal gradient (Annex 1 & 2). On the hilltops were
found the most stable landscapes. However, from microtopography derives micro-watersheds, which
promotes sites with high soil fertility and water availability. Convex terrain curvatures are more exposed
to erosion processes promoting higher water deficiencies. Karstic montain slopes show contrasting
differences in water reservoir and soil formation. On this units, slash burn agriculture is mainly located.
On the one hand, the karstic units are characterized for sites with underground water reservoirs. On the
other hand, the mountain slopes promotes water runoff. Consequently, microtopography drives important
differences in soil and water accumulation. Alluvial deposits are rich in nutrients and water availability,
similar processes observed at lower altitudes with the alluvial deposit plain. These has promoted

colonization of agricultural activities, mainly for irrigation.
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Figure 11.3 Total precipitation (mm) and mean annual temperature (°C) comes from a WorldClim
data set (Hijmans et al., 2005). In all figures the study site boundary was drawn and sampling plots
allocations were highlighted with dots. Colors selection for boundaries and dots were based on
background colors. In all cases, an extended area of the boundaries can be noticed. The
meterorological stations are in order from left to right Puerto Angel, Huatulco and Xadani.

The climate is considered Aw(w) (Kdppen, modified by Garcia (2004)) ranging from the dry (w,), in
most of the region, to the humid (w;) in higher altitudes (>1,000 m asl) (Figure 1I.3) ‘warm sub-humid with
summer rains with inter-winter droughts and two annual dry seasons’. The main dry season lasts about seven
months with a mean annual precipitation of <1,600 mm falling >75% during June to September. The
warmest months are between May and August, and the less warm are between December and February. The
average annual temperature is 19-33°C with a mean annual evaporation about 1,700 mm with maximum
values >170 mm during March to May (Hijmans et al., 2005; SMN, 2014) (Figure 11.3).

e Puerto Angel: The Aw,(w) class ranges between 0-500 m asl. The average temperature of 27.6°C
with a maximum average of 32.7°C, with the coldest average of 26.7°C. The precipitation is 797
mm. Between February and April the monthly rain average is 0.95 mm, while from June to
September it is 185 mm (INEGI, 2004, Figure I1.3 and 11.4a).

e Huatulco: The Aw;(w) is concentrated in between 0-1,000 m asl. The average temperature of 26.8°C

with a maximum average of 34.3°C, with the coldest average of 19.2°C. The precipitation is 1,351
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mm. In December and January the monthly rain average is 1.7 mm, while from June to September
there is the highest (290 mm) (INEGI, 2004, Figure I1.3 and I1.4b).

e Xadani: The Awy(w) is observed in >1,000 m asl. The average temperature of 25.8°C with a
maximum average of 33.8°C, with the coldest average of 17.7°C. The precipitation is 1,356 mm.
From December to March the monthly rain average is 4.2 mm, while from June to September it is
the highest (568 mm). In contrast to the other two types of climate, this does not present two dry
seasons (INEGI, 2004) (Figure 11.3 and I1.4c).
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Figure 1.4 Monthly average temperature and precipitation.

a. Meteorological station 20-092 ‘Puerto Angel’ 15°52°'N, 96°27°W, 485 m asl.
b. Meteorological station 20-333 ‘Huatulco’ 15°49’N, 96°19’'W, 225 m asl.

c. Meteorological station 20-256 “Xadani’ 15°58’N, 96°04’W, 361 m asl.
Source, SMN (2014)

In this region the characteristic vegetation is the Tropical Deciduous Forest (TDF) (Corona, 2012).
More than 80% of the land cover has natural vegetation with different conservation degrees (Corona, 2009;
Lira and Ceballos, 2010; Corona, 2012; Mendoza, 2015; Corona et al., 2016). The TDF shows different
phonological characteristics (Figure I1.5). Along the TDF, in the region are other vegetation types.
Semiperennial tropical forest occurs in medium-height areas, and at the floodplains of intermittent and
perennial streams, with riparian vegetation along the margins. Mangroves and aquatic vegetation occur at

the mouth of the river basins (Copalita, Huatulco, Coyula, Sal, Aguacate and Tonameca) and lagoons (La
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Salina, Chacahua and Palmar). Temperate forest can be observed in the northern part of the study site at
higher altitudes (>2,000 m asl) (Corona, 2009), but isolated examples of Quercus spp can be seen at >600 m
asl. Locally the flora has been classified into more than 91 families, 391 genera, and 736 species. The
dominant families in terms of the number of species are Leguminosae (146), Euphorbiaceae (48),
Asteraceae (42), and Convolvulaceae (37) (Salas-Morales et al., 2007).
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Figure 1.5 Tropical deciduous forest with different phenological aspects. All the photos were
taken during the dry season of 2012 within a one-week interval and are organized by leaf
senescence.

This forest has little commercial value, which promotes traditional techniques of production in
local populations (Corona, 2012). The agriculture is dominated by subsistence production maize and
beans. The average field size of farmed land ranges from 0.5 to 2 hectare. Agriculture production starts
by cutting down branches and trees, prior to the rainy season, then setting fire (Corona, 2012). Wood
extraction for fuel wood production is by selective logging, and branches and lianas are also removed.
PSIG (2015) reported that this region is mainly dominate by a natural cover (169,617 ha) with a forest
loss of 2.3% between 2006-2011. In 1998 an area of 6,375 ha was declared as a Natural Protected Area
(NPA) for biodiversity of TDF conservation.

The land-use and land-cover changes have been driven by slash and burn agriculture and
pastureland for raising cattle (Figure 11.6). The agriculture involves production of maize and beans for
self-consumption (Corona et al., 2016). The average parcel size ranges from 0.5 to 2 hectares. The
agriculture production starts with the cutting down of branches and trees, previous to the rain season, then
setting fire to them. This technique is known as slash-burn agriculture and for centuries has been
practiced among these communities. The annual yield is in between 600 to 1,000 kg per hectare of maize.
However, the production cannot be maintained for more than three years. As a result, those parcels need
to be left fallow and new forested areas opened. This cycle is maintained for ten to fifteen years, and
sometimes twenty years, before production comes back to the first parcel (Corona, 2012). The
pastureland is induced by frequent burning, and is used mainly to raise cattle, though some use goats. The
stratum is not higher than 5-10 cm and the main genera used are: Bouteloua; Cathestecum; Hilaria;
Trachypogon; and Aristida. However, the family Fabaceae is also used (INEGI, 2004). Commercial
forestry is absent in the TDF, but extraction of selected timber species happens on a small scale mainly

for local consumption for construction.
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Pastureland during rainy season Pastureland with cattle during rainy season

Figure 1.6 Anthropogenic land-use and land-covers distributed in a matrix of TDF

[1.3 Data collection and biomass estimation

To capture the spatial heterogeneity of AGB allocation forest over the landscape, it is necessary
to have a good representation of the landscape heterogeneity. However, mature forest is mainly restricted
to isolated places with limited accessibility, and/or in protected areas. These make it very difficult to

acquire field information over large areas. In consequence, our field campaigns were designed to record
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the landscape variability by sampling not only the most common biophysical regions, but also the rare
elements of the landscape.

Our field campaigns (N=60) were complimented with the National Forest Inventory (NFI)
(CONAFOR, 2007; CONAFOR, 2012). which systematically allocated the sampling plots (N=128). The
field campaigns were carried out during summer 2012 and spring 2013, and for the NFI in the year 2007.
Field data collection is of 188 field plots in total. 60% of the data was collected by the NFI and the rest
was collected by this study.

The NFI plots measure 10 x 40 m, where all trees >7.5 cm in DBH were recorded (DBH and
height). For recording trees under 7.5 cm in DBH, the NFI subsampled each of the plots in subplots of
12.56m” in a sub-plot of 3.54x3.54 m. All trees within a DBH of 1.0-7.5 cm and over 0.25 m in height
were sampled, recorded in height classes and classified into species (CONAFOR, 2007). Particularly to
this thesis, from all the sampled trees, a linear regression was constructed to estimate DBH for trees <7.5
cm in DBH based on their height, and the number of plants in the sub-plot was extrapolated to the forest
plot (Figure IL.7).

Our sampling design consisted of plots of 10x30 m, where all the plants >1 cm in DBH and >1.3
m in height were measured (Figure 11.7). Complementing these samples, 2 plots of 4 hectares each were
collected. These plots were allocated in two different altitudes (50 and 250 m asl) within a distance of ~7
km. In each of those large plots, all trees >30 cm in DBH were sampled and geotagged (N=365) and
DBH and height were recorded.

] O
Stem
L] O
E] D Litter D
Soil
30 sub 40
samplin,
= |
]
L]
10 O
O

O

10

Figure 1.7 Diagram of the general sampling strategy for stems, litter and soils at two spatial
scales. The left-hand panel refers to our sampling strategy, while the right-hand panel refers to
the National Forest Inventory approach with our modifications for litter collection. In our
sampling collection, all trees with a DBH=1 cm were measured, while in the NFI plots all trees
27.5 cm in DBH were recorded. Complementary to the NFI a sub-plot of 3.54x3.54 cm (grey
square) was established in the middle of the plot where all trees between 1-7.5 cm in DBH and
over 0.25 m height were sampled. For any case, coarse scale refers to the mean estimates in
Mg ha™ for AGB and MgC ha™ for litter and soil samples, when applicable. Fine-scale refers to
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litter (small and white squares) and soils collection (small black dots) by ftriplicate in extreme
side plots.

The allometric variables consisted of DBH, height and wood density. For every tree, the DBH
was measured using diametric tapes while height was estimated with a laser rangefinder Bushnell Sport
850 with an error of £0.9 m (Bushnell, 2016). While it is recommended to use species-specific wood
density (WD) for improvement for AGB estimation models (Chave et al., 2005), this process is not
always possible. In the Mexican TDF this approach was not practical because of the remarkably high
biodiversity. This forest in Mexico has a very high alpha and beta diversity, as well as an elevated
number of endemism and rare species (Trejo and Dirzo, 2002; Castillo-Campos et al., 2008; Dirzo et al.,
2011) with more than 700 spp in this region. We used a stand-level WD average as suggested by Baker et
al., (2004). WD was constructed based on a collection of 28 plots during the dry season 2013 (N=121
trees). The wood cores measured 0.515 cm in diameter with variable length. For dry weight estimation,
all samples were dried in the oven to a constant weight at 70°C and weighed on a digital scale with an
error of £1mg. For carbon content, we collected six mixed samples from different stems and plots. The
samples were analyzed in a Shimadzu TOC analyzer by combustion method.

AGB estimations and uncertainty were calculated by using 7 different allometric equations
(Table II.1), 2 equations built for Mexico (Martinez-Yrizar et al., 1992; Navar, 2009), 2 for the Pantropic
(Chave et al., 2005) and 3 for the world (Brown, 1997; Brown et al., 1989). This study has not included
the recent equation reported by Chave et al., (2014) because it shows similar performance to those
published in 2005 (Chave et al., 2014). The equation that produced the highest and the lowest estimates
was excluded from further analysis. Five of the seven equations were selected to calculate a mean value
for AGB and the seven equations as a measure of uncertainty in our estimates. The allometric equation
built by Brown et al., (1989) is not recommended to use in trees <5 cm in DBH, so trees that fell into that
category were adjusted by using the mean value from the other six allometric equations.

To identify the minimum plot sampling for a normal distribution for trees with a DBH >30 cm a
pseudo-sampling was carried out within the two 4 ha plots. The pseudo-sampling consisted in building
multiple virtual plots of different plot sizes. For each sampling design the mean, median, and normality

test was calculated.

Table Il.1 Selection of different allometric equations tested

Reference Ecosystem Location Precip. Equation for AGB in kg per tree

Brown et al., 1989 T. moist World 1500-4000  e(-2.409+0.9522*In(DBH"2*H*D))

Brown et al., 1989 T. Dry World <1500 34.4703 - (8.0671*DBH) + (0.6589*DBH"2)

Brown, 1997 T. Dry World >900 eN(-1.996+2.32*In(DBH))

Chave et al., 2005a T. Dry Pantropic <1500 0.112*(D * DBH"2*H)"0.916

Chave et al., 2005b T. Dry Pantropic <1500 D*e™(-0.667+(1.784*In(DBH)) +
(0.207*In(DBH)"2)-(0.0281*In(DBH)"3))

Martinez-Yrizar etal., 1992  T. Dry Mexico <900 107(-0.535 + LOG(BA))

Navar, 2009 TDF Mexico <700 0.0841*(DBH"2.41)

e= Euler’s constant; DBH= Diameter at breast height in cm; H= Height in m; D= Wood density in g cm™;
and BA= Basal area in cm™ per stem
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Litter (fine and coarse) was collected during the dry season of 2013 when it reached its maximum
(Martinez-Yrizar, 1995). Fine litter (Fj;) <2 cm in diameter, leaves, and twigs, was collected in 9 sub-
samplings of 30x30 cm within each of the 40 AGB plots. Each subsample was weighed in the field on a
digital scale with an error of +1g. For dry weight estimation, the subsample was dried in the oven to a
constant weight at 70°C. All dried subsamples were mixed and sent for chemical analysis (N=120,
Carbon and Nitrogen). The data collected on a fine scale (10x10 m) were treated independently for local
spatial autocorrelation analysis and grouped in 40 mean samples for landscape analysis. Coarse litter
(Ciip), and woody debris >2 cm in diameter, were collected in one subsample of 2x30 m per plot with a
total of 19 plots sampled. Each subsample was weighed in the field on a digital scale with an error of
+1g. For dry weight estimation, about 30% of the biomass per plot was dried in the oven to a constant
weight at 70°C.

The top soil (0-5 cm) properties were composed of mixtures of 6 sub-samplings (N=38), turning
into 19 mean values for 10x30m plots. Deeper soil (0-20 cm) cores were collected in a subsampling in the
same sites as was done for topsoil (N=10). For all cases, to obtain undisturbed soil samples we used a soil
core sampler with a hammer attachment. The top soil core had a volume of 98.175 cm’ and deep soil of
392.70 cm’. Each subsample was weighed on a digital scale with an error of +lg. For dry weight
estimation, all samples were dried in the oven to a constant weight at 70°C. The chemical and physical
analysis measured carbon (C), nitrogen (N) and phosphorus (P) content, pH, bulk density and Boyoucos
texture (clay, silt and sand content). P extraction technique was selected based on pH (Bray and Kurtz,

1945; Olsen et al., 1954).

[I.4 Selection of mature forest plots

Out of a total number of 188 samples distributed across the entire area, 83 plots were selected
because they were at least 50 years old (Figure I1.2) and considered as mature forest. A total of 42 plots
were inventoried for this study, and 41 were further used from the NFI, in addition to the two 4 ha plots.
The sampling plots had a maximum distance between any two plots of 80 km and a mean distance
between all the plots of 26.6 km. About 80% of the plots have at least another neighbouring plot in a
distance ~320 m and ~50% of the plots have at least another plot in less than 100 m.

To ensure that only mature forest was included different approaches were considered. (1) About
70% of the plots were visited to ensure the absence of: human tracks, invasive species, logging or any
kind of wood extraction or burned areas, and showing no evidence of cattle inside or around the plot; (2)
The plots had to be located over 2 km from agricultural fields; (3) to ensure that the forest did not have
human disturbance in the past a remote sensing time series was built. Different aerial photos were used
(1985 and 1995), and Google Earth-DigitalGlobe imagery (2004-2010, when available for 2013-2014),
and complemented with LandSat (2013 and 2014), a similar approach followed by Powers et al., (2009).
By visually analyzing aerial photographs (Shoshany, 2000; Shoshany, 2002) since 1985 they had to show
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mature forest surrounded by a matrix of natural forest. In Figure 1.8 can be seen an example of remote

sensing time series to identify a mature forest plot.

[I.5 Characterization of the landscape

All topographic variables were built in the QGIS (QGIS-2.6.0, 2014) platform. From digital
contour lines every 20 m acquired from INEGI (2003b), a Digital Elevation Model (DEM) with a
resolution of 20x20 m per pixel was built, and from it, altitude, slope, terrain curvature, topographic
indexes and hydrological network were derived (Figure 11.9). We further calculated the distance to the
hydrological network (streams) and distance to the coast.

Terrain shape or exposure (TOPEX) was derived from estimating the difference between mean
altitude neighbourhood pixels and the elevation at the central pixel. Negative values represent exposed
positions (convex curvatures) while positive estimates represent shelter (concave curvatures)
(Zimmerman, 1999). The compound topographic index (CTI) summarizes soil moisture by considering
flow direction and accumulation (Beven, 1977; Burrough et al., 1998). It is dimensionless and higher
scores are associated with moist sites (Spadavecchia et al., 2008) (Figure 11.9).

Potential mean solar irradiance (PmI) in W m” per day during the dry season was estimated. This
factor suggests the maximum heat that can potentially strike, and it works as a limiting factor on soil
moisture and plant productivity (Wright and van Schaik, 1994). It was built by calculating the potential
incoming shortwave radiation over the dry season and at the hour of maximum heat strike, by changing
the solar geometry (between 11:00 and 16:00 hrs, local time). The geometry was adjusted for every 60
min by changing the azimuth and altitude depending on the month and hour (Kumar et al., 1997; NOAA,
2015). Shadows were projected on the surface at each time step. The potential solar irradiance was
transformed into W m? by using the constant, reported per hour and season for the region (SMN, 2014)
(Figure I1.9).

Different authors have suggested that AGB correlate strongly to climatic variables (Murphy and
Lugo, 1986b; Martinez-Yrizar et al., 1992; Jaramillo et al., 2003; Read and Lawrence, 2003).
Temperature and precipitation exert direct influence on plants’ water stress. In this study the climatic
variables were selected from WorldClim (Hijmans et al., 2005) with a spatial resolution of ~1 km® and
were not transformed during analysis (Figure 11.3). The data layers are the result of the interpolation of
average monthly climate data from weather stations, elevation, latitude and longitude In cases where
stations show multiple years, averages were calculated. The information represent the 1950-2000 time
period. The selected variables were: mean annual temperature (Biol), mean diurnal range (Bio2),
isothermality (Bio3), maximum temperature of warmest month (Bio5), mean temperature of wettest
quarter (Bio8), mean temperature of warmest quarter (Biol0), total precipitation (Bio12), precipitation of
driest quarter (Biol7) and precipitation of warmest quarter (Biol8). Because it is recognized that the dry

season is a main characteristic of this ecosystem other climatic variables were derived from the monthly
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datasets: maximum, minimum and mean temperature during dry and rainy season (MTRS).; seasonal
climate amplitude based on the maximum-to-minimum temperature ratio; and precipitation-mean

temperature ratio.

January, 1985

February, 1995

April, 2004 April, 2009

January, 2014 January, 2014 (Dry season)

Figure 1.8 Example for identifying by remote sensing time series the mature TDF sampling
plots. Images collected in the years 1985 and 1995 correspond to aerial photographs
orthorectified. The scenery collection for the years 2004, 2009 and January 2014 comes from
the Google Earth-DigitalGlobe while the image from January 2014 comes from LandSat 8.
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Time series for Leaf Area Index (LAI) was used as an indicator of deciduousness based on leaf
span expression. It was obtained from MODIS Terra (NOAA, 2014) from an eight-day mean composite
from 2002 to 2014. Low quality data was excluded from the analysis. A mean yearly eight-day composite
was calculated with a resolution of 1 km®. Because the reconstruction of potential LAI may drive high
uncertainty, it was considered that the probability deciduousness (PD) would work as a proxy for LAIL
Under the MaxEnt platform a probability deciduousness PD map was developed. During the dry season,
when at least 70% of the landscape was leafless, from aerial images, 500 points were allocated in places
where there was a fully green canopy. All observations fell on natural forest with no anthropogenic cover.
The predictive variables used were: aspect; altitude; distance to streams; solar irradiation; CTI; total
precipitation; and mean annual temperature.

Different socio-economical and biophysical data was derived from photo interpretation at a scale
of 1:25,000. Aerial photos for the year 2011 were used to digitalize roads (dirt and paved), coast and
perennial rivers contours. All the land-use and land-cover maps (LUCC) including human settlements
were obtained from PSIG (2015) in shape file format. The distance from any of the previous attributes to
each pixel was calculated with a cell size of 30m and then aggregated into a 1 km®. In all cases, diverse

transformations of the data were applied when possible to improve the model’s fit.
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Figure 11.9 Biophysical variables for the study site. Topographic variables were derived from a
DEM with a resolution of 20x20m. In all figures the study site boundary was drawn and
sampling plots allocations were highlighted with dots. Colors selection for boundaries and dots
were based on background colors. In all cases, an extended area of the boundaries can be
noticed.

[1.6 Spatial heterogeneity and multi-model agreement in potential AGB
predictions

AGB predictions were tested to understand their capability to capture the spatial heterogeneity in
the landscape. These test approaches were: (1) linear regressions between observations and predictions
for diverse spatial scales: (2) spatial discrepancies among models (RMSE, bias, CV and CI); and (3)
spatial autocorrelation of AGB predictions.

Different model's predictions were contrasted against multiple spatial scales (400 m?, 2,500 m? 1
ha and the landscape as a single unit). A simple linear regression was applied to observations and
estimations over multiple spatial scales. The observations were evaluated regarding proximity to the
mean predictions and in between the CI. In all cases, bias and RMSE were calculated as indices of a
model’s performance to reproduce the observations. The CV and CI for each model were evaluated at the
landscape scale to understand the strengths and weakness of the models to represent the landscape. Also,
the CV was contrasted with various biophysical variables with a linear regression. Doing this meant that
it would be possible to establish how well the models performed and where the modeled AGB estimates
might fail.

To calculate the spatial discrepancies along AGB estimates all the models were tested against each
other. If the models returned the same estimates, the spatial heterogeneity across the models would be the
same and a simple linear regression would be the best approach to contrast it. For testing the correlation

across the paired comparisons the r* adjusted index and p-value were calculated. To reduce the bias
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during the visual exploration of the linear regressions, the smothered scatter plot was adopted. The AGB
differences (bias) were contrasted with the biophysical variables to break down the spatial trends of bias.
It was considered there was an absence of bias when the linear regression between the predictor variable
and AGB changes produced no correlation. Mayor divergences were considered for cases where AGB
were skewed.

Finally, to carry on with the spatial autocorrelation analysis in all cases, we adopted the
semivariogram models fitted as inversely proportional to approximate variance (weighted Cressie). This
approach was selected because we were dealing with a small to moderate sample size (Cressie, 1985,
1993). Spatial dependence in the data was estimated from the nugget-to-sill ratio (Rossi et al., 2009).
Lack of spatial dependence would occur if measurement errors are large at zero separation distances
(large nuggets), or if considerable variability occurs at smaller spatial extent than data resolution. For

more details refer to the section 11.8.a.

[I.7 Other sources of aboveground biomass

This study took into consideration all the sources of information regarding current AGB. The input
maps used for this study were the three pan-tropical datasets and two wall-to-wall datasets for Mexico
published by Avitabile et al., (2016), Baccini et al., (2012b), Cartus et al., (2014), Rodriguez-Veiga
(2016) and Saatchi et al., (2011b), here after referred to as the "Avitabile", "Baccini", "Cartus",
"Rodriguez-Veiga" and “Saatchi” maps individually, or as “input” maps collectively. The input maps
refer to different epochs for the 2000s however the reference data mostly spanned the period 2000 —
2013.

Avitabile combined two existing datasets of vegetation AGB (Saatchi et al., 2007; Baccini et al.,
2012b) into a pan-tropical AGB map at 1 km® resolution using an independent reference dataset of field
observations and locally calibrated high-resolution AGB maps. The method was applied independently in
regions with homogeneous error patterns of the input maps (Saatchi and Baccini maps), which were
estimated from the reference data and additional covariates. They considered the representativeness of the
plot over the 1 km” pixels, and the finer resolution data (for Mexico the Cartus map, and for site location
some plots of the NFI) was screened to discard plots not representative of the map cells in terms of AGB
density.

The Cartus study used a randomForest for modelling the relationship between the field
observations from the Mexican NFI at 1 ha aggregation (MgC ha™), the multi-sensor imagery (L-Band
radar data from ALOS PALSAR and Landsat) and a digital elevation data were obtained as part of
NASA’s Shuttle Radar Topography Mission (SRTM). From the NFI trees>7.5 cm were considered for
AGB estimation and allometric equations applied at species, genus-specific or generalized level were
used to identify the optimal allometric equation for each plot location. By aggregating different field plots
a mean value of AGB per hectare was estimated with a mean central coordinate. The output of the Cartus
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study was a map across Mexico for the early 2000s with a spatial resolution of 30 x 30 m. For the
purposes of this study and to make AGB comparisons across the maps, estimates of MgC ha™' were
transformed into AGB (Mg ha™) by applying the regional carbon content measured for wood (47.3%,
results of Chapter III)

Baccini used a randomForest model to identify the relationship between the field AGB data and a
combination of remote sensing data. The minimum measured DBH was 5 cm for all live trees. They used
satellite-based light detection and ranging (LiDAR) together with 500 m multispectral surface reflectance
imagery and other geospatial data layers. LiDAR waveform measurements were acquired by the
Geoscience Laser Altimeter System (GLAS) onboard NASA’s Ice, Cloud, and land Elevation Satellite
(ICESat). Surface reflectance data were provided by the Moderate Resolution Imaging Spectro
radiometer (MODIS) onboard NASA’s Terra and Aqua satellites, MODIS Land Surface Temperature
(LST) as long as bi-directionally corrected reflectance (BRDF), EVI2, NII2 and SRTM. The resulting
Baccini output map has a resolution of 500 x 500 m for the epoch 2007-2008.

Rodriguez-Veiga used a data fusion model based on the maximum entropy (MaxEnt) in
combination with ALOS PALSAR dual polarization (2007, 2008, 2009), MODIS VI (2008), SRTM and
a forest probability layer that was built under the same platform. The model extrapolated the information
by including approximately 16,000 field national inventory plots for Mexico. The Rodriguez-Veiga map
shows above ground woody biomass in Mexican forests and represents the epoch 2008 (2004-2012).

Saatchi used MaxEnt in addition to spatial imagery from multiple sensors; MODIS (LAI and
NDVI), SRTM, and quick scatterometer (QSCAT) on earth-observing satellites to extrapolate AGB
measurements from inventory plots and GLAS data. The Saatchi output is a model for the spatial
distribution of AGB ha™ in forests across three continental regions for the epoch 2000-2001 with a spatial
resolution of 1 km?,

The input maps were harmonized by first projecting the Saatchi map to a UTM 14 N with a
geographic reference system WGS-84 and then aggregating the other maps to match its spatial resolution
and grid. Spatial aggregation was performed by computing the mean value of the pixels whose centre was
located within each 1 km? cell of the Saatchi map. To allow direct comparison of the results among the

input maps, the analysis was performed only for the area common to all maps.
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[1.8 Statistical analysis

[1.8.1 Identify factors that drive AGB accumulation in mature forest
(Chapter lII)

All descriptive statistical analyses were performed in the R software version x64 2.15.1 (R-Core-
Team, 2014). The Mann-Whitney-Wilcox test (W) was used to test to establish that two samples came
from the same population. A Jarque Bera test (JB) was used to test the normality of the observations. It
was used linear regression (ordinary-least-squares, OLS) and boxplots to examine the relationships
between each measure of environmental heterogeneity.

Spatial dependence of a location on neighbouring sites was measured by spatial autocorrelation
(SAC) (nugget, partial sill and range). The SAC was estimated by using the library geoR (Ribeiro and
Diggle, 2001). The semivariograms were fitted to a spherical model, for optimal performance variable
lags, and binds were selected for each variable. The semivariogram models were fitted as inversely
proportional to approximate variance (weighted Cressie). This approach was chosen because there is a
small to moderate sample size (Cressie, 1985, 1993). Spatial dependence in the data was estimated from
the nugget-to-sill ratio. A strong spatial dependence in the data set is defined by a ratio below 0.25, and a
ratio between 0.25 and 0.72 a moderate spatial dependence (Rossi et al., 2009). Lack of spatial
dependence will occur if measurement errors are large at zero separation distances (large nuggets), or if

considerable variability occurs at smaller spatial extents than data resolution.

[1.8.2 Characterize interactions among the predictor variables and a

sensitivity test in the mature forest (Chapter IV)

Firstly, it was tested that all the predictor variables sampled across the observations fell in the
landscape range. With this, extrapolations over the range of the observations could be avoided. Correlated
variables were excluded from the analysis. All the variables were tested in pairs using the Spearman
correlation test and correlations >|0.75| were excluded.

Secondly, all the variables that fully filled these requirements were introduced in the models to test
their significance to AGB,. For each model, the ten most influential variables were retained. For GLM,
the backward step-wise data reduction was adopted. For the regression tree, variables that came from the
first 3 splits were considered. With random forest, it was used the node purity index and variable
importance index (%IncMSE) (Breiman, 2001; Strobl et al., 2007; Altmann et al., 2010). In MaxEnt, the
variables reduction was done via Jackknife which allowed the estimation of the significance of each
predictor variable (Saatchi et al., 2011b). The predictor variables selected from the models were re-
grouped and re-tested. This group of variables was re-introduced in each model, except MaxEnt, and by
removing and reintroducing them one by one, it was possible to identify the variables that impacted the

most in the model. Finally, if any of the last variables correlated with any of those originally eliminated
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we re-tested the model for any improvement. To reduce the sensitivity of AGB towards a single variable,
all the final selected variables were tested for sensitivity under a Monte Carlo (MC) analysis. MC was
tested using the library mc2d (Poillot et al., 2013). To reconstruct the distribution of each predictor
variable a distribution function was built using the library fitdistrplus (Delignette-Muller and Dutang,
2015). When a single predictor variable promote an over- or under-estimation in AGB > 500 Mg ha™

over the mean, the variable was excluded.

[1.8.3 Calibrate the models and predict the potential AGB (Chapter V)

The AGB reference data were randomly split for training the models and for independent
validation (Cochran, 1977). The same training and validation data were used for each model to allow a
comparison across the methods. To assess the accuracy and the uncertainty of the predictions of the
models the independent validation data (Friedl, 1997; Hill et al., 2013) was employed. From the 83 field
measurements of mature forest, 86% (N=73) were used for training and 14% (N=10) for validation.

An additional independent validation was conducted by 32 quarter of a hectare and eight 1 ha
plots. Thereby it was possible to analyze the modelling performances not only for local predictions, but
also for multi-scale comparisons. To test the accuracy across the models, > was utilized, adjusted for the
calibration, and RMSE and bias statistics for the validation. To test the improvements in modelled AGB
estimations, the results were contrasted with a null model. The null model was built by considering the
mean estimate from field observations as a prediction. Finally, Wilcoxon signed-rank test was used to
decide whether the corresponding models’ population distributions were identical to observations. It was
considered that models came from repeated observations of the same subject, and population distribution
were identical to field AGB estimates (Crawley, 2013).

A total of 7 contrasting methods were tested and compared for their ability to estimate AGB from
field samples and biophysical properties. All the analyses were carried out with the software R version
x64 2.15.1 (R-Core-Team, 2014) and the libraries caret (Kuhn, 2015), gam (Hastie, 2015), mass (Ripley
et al., 2015), nnet (Ripley and Venables, 2015), randomforest (Breiman, 2001) and tree (Ripley, 2015),
and the software MaxEnt (Elith, 2011).

The regressions modelling was conducted by the following techniques: (1) Multi-Lineal
Regression (GLM) and (2) General Additive Model (GAM), both with a Poisson error distribution. GLM
was selected because it is assumed to have linear effects on some transformations of the dependent
variable (McCullagh, 1989), while GAM has the capability of finding the appropriate smoothness for
each applicable model term using prediction error criteria or likelihood-based methods (Hastie, 2015).
Moreover, regressions processes were adopted. (3) Regression Tree (RT) and (4) Generalized Linear
Mixed Models via Penalized Quasi-Likelihood (GLMM). RT is capable of capturing nonlinear
relationships between the response and predictor variables by not making assumptions regarding the

distributional properties of the input data (Friedl, 1997). While GLMM represents the clusters for a
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normally distributed random intercept (Schall, 1991). In this case, a model was fitted for AGB with
predictor variables and by using a fixed effect, the best performance was achieved using altitude.

Two learning machines were selected: (5) Random forest (RF) and (6) Automated neural networks
(NN). RF creates a large number of trees containing a bootstrap sample of the data with the same number
of cases as the original data, and by using a randomly selected subset of the predictor variables. The final
prediction is the average of the values predicted by all the previous trees (Breiman, 2001). Compared
with the standard RT model, RF is less sensitive to noise in the training data and tends to result in more
accurate model predictions (Baccini, 2008). NN on the other hand is good at learning patterns to find
relationships from training data and to apply these sets or rules into new data. These models produce
weights and estimate the bias for minimizing the error between the trained data and actual output for all
predictor variables (Bishop, 1995; Dreiseitl, 2002). The final NN model was built with two hidden layers
and the optimum weighting was selected over 1,000 iterations. Increasing the complexity of the model
improved the prediction of the calibration estimates, but it failed against independent data by increasing
the RMSE and the bias. As a result, the best model had a lower complexity but it was capable of
reproducing validation estimates.

For all the models, except MaxEnt, a bootstrapping aggregation (bagging) was applied (Breiman,
1996). This method averaged multiple predictions from a collection of bootstrap samples; in this case,
75% of the training data was used (N=55 out of 73). The main goal of doing this was to capture the
uncertainty of the predictions along multiple proportions of the observed information. For all the models
it was set at 1,000 runs; this number was chosen based on the minimum number of runs in each model
that produced akin predictions allowing reliability of our analysis. The 1,000 predictions were aggregated
into 1 mean with the 95% CI of the mean, standard deviation and the 95% CI of the predictions. Finally,
to test confidence about the predictions the Coefficient of Variation (CV) was calculated as the ratio of
the standard deviation to the mean (Crawley, 2013), where lower values of CV suggest less dispersion
over the 1,000 predictions.

According to Saatchi et al.,(2011b) a data fusion model based on the maximum entropy model
(MaxEnt) outperforms parametric methods and some other nonparametric models in predicting AGB,
such as RF. Because of that, we tested (7) MaxEnt and adopted the methodology reported by Saatchi et
al.,(2011b). The training data was split into biomass classes. In total MaxEnt was run eight times for each
biomass group. Each of the eight aggregates was developed from sub-aggregating the data in different
ranges (4 to 9 aggregations). The ranges used across the eight groups were diverse, and repeat any
interval category was at all times avoided to eliminate double counting of the probabilities. The minimum
number of observations per ranges was 3. The mean value from the range was estimated based on the
observations that fell within that range. To improve the capability of the predictions two approaches of
data aggregation were considered to convert the predictions into a single AGB map. The first option was
selecting the maximum probability class observed for each pixel across all the models. A high value of

probability for a particular pixel indicates that the pixel is predicted to be suitable for having related
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characteristics to the training pixels (Elith, 2011; Saatchi et al., 2011b). The second method was the same
applied by Saatchi’s et al.,(2011b), in which a weighted mean was estimated across the probability
classes for each pixel. For this study, Saatchi’s approach was preferred because the probabilities across
the classes were not consistent. By repeating the latter process with the eight groupings, various statistics
and uncertainties of the model performance were calculated.

A detailed description of how these models perform is beyond the scope of this chapter but more
information can be found in these sources (McCullagh, 1989; Bishop, 1995; Breiman, 1996; Friedl, 1997;
Dreiseitl, 2002; Baccini, 2008; Elith, 2011; Saatchi et al., 2011b; Clark, 2013; Hastie, 2015).

[1.8.4 Identify patterns and processes of AGB losses (Chapter V)

In order to identify similarities in mean AGB estimates (input maps vs field observations) at
different scales of analysis two different approaches were used: Firstly a t-test on paired samples was
used to contrast AGB estimates at site location where at least 3 observations fell in a 1 km® grid and
compared against different input maps (N=47 observations). This test assumes errors are normally
distributed and come from paired observations, particularly from the same location (Crawley, 2013).
Secondly a Wilcoxon rank-sum test was used to contrast AGB estimates at landscape scale (field
observations N=188; and map grid cells N=1,764). This test assumes independence in the samples and
that errors are not normally distributed (Crawley, 2013). Finally, a median comparison was carried out
using the notch option build for boxplots. All tests were carried out at the 95% confidence level.

Higher resolution maps and field observations were averaged within 1 km?® grid cells. All the re-
scaled maps were aggregated into one single mean. To test the uncertainty of different input maps, and as
a measure of the AGB uncertainty at the pixel scale, the Coefficient of Variation (CV) was calculated as
the ratio of the standard deviation to the mean (Crawley, 2013), where lower values of CV suggest less
dispersion among the AGB estimates from different input maps at a pixel resolution. In contrast higher
values of CV represent higher variability among the input maps. To identify if high values in CV of the
maps (CVp,ps) are related to highly heterogeneous sites, a Spearman correlation coefficient was applied
between CVnyps and the CV measured in 1 km? grid cells with at least three AGB field observations. To
test the spatial bias of the uncertainty across the input maps, CVa,s Was compared against different
explanatory variables using a Spearman correlation coefficient and regression tree as a multivariate test to
characterize spatial bias and to identify driving forces of carbon losses.

All the statistical analyses were carried out using R statistical software version x64 2.15.1 (R-Core-
Team, 2014) and the library tree (Ripley, 2015). For spatial analyses, and generation of all the
topographic and socio-economic variables GIS software QGIS was used (QGIS-2.6.0, 2014).
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Chapter lll. To reduce the uncertainty in above ground biomass in
mature forest it is necessary to understand the forest structure,
topography and soils: a multi-scale analysis of a Tropical Deciduous
Forest

[11.1 Abstract

Land-use and land-cover changes and selective logging have led to losses in carbon storage of diverse
tropical ecosystems. Globally, tropical deciduous forest (TDF) has been one of the most impacted of
these, but the outcomes have been poorly quantified. Little is known of ecological processes of AGB
distribution over various spatial scales in natural and non-human disturbed ecosystems, as most studies
have been focused on different disturbed vegetation stages. The understanding of TDF aboveground
biomass has been biased towards the secondary forest with few samples of mature forest. The aim of this
chapter is to quantify, allocate and understand the natural factors responsible for driving the accumulation
of the mature biomass in a Mexican TDF. Remote sensing time series (1985-2014) across field sites were
used to identify suitable sampling locations for mature forests. Plot inventories indicated that >90% of the
trees have their diameter at breast height (DBH) <10 cm. Large trees (=30 cm) were found at similar
frequencies in small (300-400 m?) and large (4 ha) plots. AGB is normally distributed with a mean of
118+44 Mg ha'. Depending on the selected allometric equation, at least 60% of the AGB is allocated in
trees with a DBH<28.7cm. At the local scale, large trees (=30 cm in DBH) did not show spatial
autocorrelation, and in the landscape, the AGB showed a spatial correlation in distances <250 m. Because
there were low densities of very large trees (DBH>75 cm), the mean AGB estimates across different
allometric equations only resulted in differences of <11%. Climate, land and soil properties variables
such as leaf area index, altitude, rainfall and precipitation-temperature ratio were positively correlated to
AGB. Solar irradiance, distance to streams and mean annual temperature showed an inverse relation to
AGB. Soil texture and pH were the most important soil properties in explaining AGB, with stronger
effects than nutrients. Across different scales of analysis, higher biomass estimates were related to sites
with less water stress. This information can support spatial estimates of biomass storage capacity for

Mexican TDF, crucial information for land and carbon management.
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[11.2 Introduction

Forest land plays a major role in the global carbon cycle, with nearly 50% of the carbon stored in
tropical forests (Houghton, 2005a; Pan et al., 2011), and significant land-use and land-cover change
(LUCC) leading to forest loss. While more research has been done on moist tropical forests (Skutsch et
al., 2009), drier tropical forests are also important: TDF account for nearly 5% of the carbon stored in
terrestrial ecosystems (Houghton and Skole, 1990).

To achieve the goal of better understanding of the carbon cycle and to account for the carbon
stocks, fluxes and changes, as well as to distinguish the effects of human actions from those of natural
system, variability turns out to be of primary concern (CCSP, 2003). Biomass and carbon stock
estimations depends on forest inventories. Therefore, forest inventories should be able to make a full
representation of the forest type. Chave et al., (2004) suggest that primary sources of uncertainty are due
to tree measurement and plot size. In the TDF most of the sampling approaches have been by small plots
with several repetitions. However, the ideal sampling size for TDF is not clear, but this can be the result
of complex topography. Thus, it is important to identify the best sampling approach for reducing the
uncertainty in AGB estimates. Another source of uncertainty in biomass estimates comes from the proper
selection of the allometric equation (Chave et al., 2004). While this can count for much of the uncertainty
in AGB estimates, it is tough to tackle. Equations are built under precise site-specific conditions,
inevitably significant bias remains when these equations are used in a specific location (Brown et al.,
1989; Brown, 1997; Chave et al., 2004).

Biophysical factors such as water availability and nutrients are recognized as primarily responsible
for plant development (Holmgren et al., 1997; Berdanier and Klein, 2011; Medeiros and Drezner, 2012;
Peterson, 2012). However, depending on the scale of analysis and the ecosystem under study, they
differently perform (Allen and Hoekstra, 1990; Turner, 2005; Currie, 2011). In a local context, species
composition (Becknell et al., 2012), slope, aspect and soil texture (Leitner, 1987), concavity (Berdanier
and Klein, 2011; Peterson, 2012) are recognized to be the major influences on water availability for
plants and/or biomass allocation. Microclimate is critical for the response of species distribution (Bennie
et al., 2008), by driving the individual development of trees (Holmgren et al., 1997; Berdanier and Klein,
2011). Nevertheless, Powers et al., (2009) and Medeiros et al., (2012), in a multi-scale analysis, suggest
variation in rainfall, soil properties, and nutrients are the main factors contributing to structural change in
TDF. However, little is known about N and P patterns in mature forests (Gei and Powers, 2013) and how
they may affect the structural differences in the TDF.

This lack of integrity across scales complicates the understanding of the drivers of AGB, making it
even more complex in a heterogenic natural landscape. Because of this, it is necessary to implement a
multi-scale approach. Thus, the critical question to be addressed by this study is, what are the main
factors that control the AGB distribution in a natural landscape? To be capable of answering this key

question and in light of current knowledge the following questions were developed:
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QIl. Is there an AGB spatial autocorrelation beyond the local scale in a TDF?
Q2. Are the large stems the major contributors in AGB estimates in a TDF ecosystem?

Q3. Is the water availability the major limiting factor for AGB in the TDF?

[11.3 Results

[11.3.1 Community structure, tree size distribution and basal area

In this study records were made for woody plants, 94 genera and 248 species. More than 70 species
were not possible to classify and represent ~20% of all the plants. The top five genera represent about
20% of the total species recorded and these are: Tabebuia (4.8%); Calophyllum (4.5%); Hura (3.7%);
Acacia (3.4%); and Cochlospermum (3.3%). The most common species are: Tabebuia chrysantha
(4.7%); Calophyllum brasiliense Cambess (4.5%); Hura polyandra (3.7%); Guazuma ulmifolia Lam.
(3.3%); and Cnidoscolus tubulosus (2.9%).

The tree size distribution follows an inverse J-shape typical of natural forests with good
regeneration and continuous replacement (Hall and Bawa, 1993; Lykke, 1998; El-Sheick, 2013). On
average there are ~6,450 trees ha” (DBH > 1 cm) (Figure III.1). About 90% of trees are DBH <10 cm.
Trees with a DBH >30 cm represent less than 1% of the total (56 stems per hectare). From a pseudo-
sampling it can be inferred that the minimum sampling plot size for reaching a normal distribution in
AGB for trees with DBH >30 cm is 2,500 m®. The two sampling approaches (300-400 m” and 4 ha plots)
for number of trees DBH >30 cm per ha, do not differ statistically (W=131.5, p=0.13) and the data came
from identical populations. By excluding six outliers, the mean basal area (BA) (£ standard deviation)
was 27.6+8.9 m® ha' with a median of 27.2 m® ha, with a normal distribution (JB, p=0.34, Figure
II1.2a). BA and AGB correlated strongly (Figure 111.3a), and AGB correlated to number of trees but only
for DHB >30 c¢m ha (Figure I11.3c).

Mean wood density is 0.51+0.16 g cm™ (JB, p=0.78). The range was comprised between 0.09 and
0.93 g cm™. When contrasting the tree DBH against its wood density, there was no evidence to suggest
that they were related (r"=0.001, p=0.74). Our stand wood density was similar to that reported for other
dry ecosystems and smaller than those of tropical moist ecosystems (Brown et al., 1989; Brown, 1997,
Fearnside, 1997; Jaramillo et al., 2003; Read and Lawrence, 2003; Baker et al., 2004; Ribeiro et al.,
2011). Mean wood carbon content (%) showed a normal distribution of 47.25+0.79%, with a range from
46.18 to 48.11%. This estimate falls in between the range reported for tropical forest, tropical
angiosperms (Thomas and Martin, 2012) and another TDF in Mexico (Eaton, 2005; Eaton and Lawrence,
2009). Some authors have suggested that local wood carbon content can reduce the uncertainties in 5-7%
(Martin and Thomas, 2011; Saner et al., 2012; Thomas and Malczewski, 2007) and up to 10% (Elias and

Potvin, 2003). In this study we account for 5.5% in carbon estimates. Finally, carbon content in litter was
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relatively smaller than other estimates (36.3%) (Anaya et al., 2007; Firdaus et al., 2010; Petit-Aldana et

al., 2011), which can significantly drive important changes in the AGC estimates for this pool.
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Figure 1ll.1 Tree size distribution per diametric class for 2 sampling designs (small and large
sampling plots). The X axis refers to the diametric class and the Y axis refers to the number of
trees per hectare measured for both sampling strategies. Black bars apply to small sampling
plots (300-400 m? N=81) with a total area sampled of 2.84 ha. Grey bars apply to large
sampling plots (200x200 m, N=2) with a total area of 8 ha.

[11.3.2 Soil properties

Soils textures were characterized by a sandy loam, with a few examples of sandy clay loam. The
textural classification did not show changes in different depths. The mean composition of the topsoil is
62.6+12.9% sand, 19.7+7.0% silt, and 17.7+£6.8% clay. On the 0-20 cm composite sand content increased
by 3.6+1.7%, while silt and clay showed a reduction of 2.4+1.8 and 1.2+0.8%, respectively.
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Number of trees per ha
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All measured soil properties showed a normal distribution. The soil was acidic to neutral with a pH
of 6.44+0.90, being steady at both depths. The topsoil C content had a mean of 4.68+1.37%, ranging
from 2-9%. The N in the soil ranged from 0.1-0.66% with a mean value of 0.35+0.13%. The total
extractable P has a geometric mean of 4.95 mg kg' (+1.00, -0.84; log transformation, JB, p=0.79).
However, in the composite 0-20 cm depth showed a reduction in these figures. Deeper soil proved to
have on average 35.1£10.4% less C content, 10.0£9.2% less N content and 9.8% (+7.1% and -5.5%; log
transformation) less P content in comparison to the top soil. Regarding the stocks, on the top 5 cm of the
soil, the mean N stock was 1.68+0.62 MgN ha' (JB test p=0.62) and 15.12+6.39 MgN ha™' for the top 50
cm. This is similar to stock reported for a semi-deciduous forest (16.7 MgN ha™) and higher than the
deciduous forest (6.7 MgN ha™), both reported for the Chamela region (Jaramillo et al., 2011). The P
stock for the top soil represented 25.3 kgP ha (+16.3, -8.9; log transformation, JB test p= 0.61) and up to
228.2 kg P ha (+147.0 and -80.3; log transformation, JB test p= 0.81) for the first 50 cm. Finally, the
mean C:N stoichiometric ratio estimated was 11.3:1 (+3.2 and -2.5; log transformation, JB, p=0.30).
Regarding the mean N:P stoichiometric ratio is 18.8:1 (+22.9 and -10.3; log transformation, JB, p=0.83).
Most of the observations fell in the range 10-12.5:1 and 12.5-25:1 for the C:N and N:P, respectively.

[11.3.3 AGB estimates and its uncertainty

From the seven allometric equations tested, two were excluded and they are those developed by
Martinez-Yrizar et al., (1992) and Chave et al., (2005b) (Table ITI.1). The former equation used the
logarithm of BA and showed the lowest figures in AGB estimates, mainly in trees with DBH >20 cm.
The latter showed the highest AGB estimates due to the use of exponential DBH, inducing a steep rise
with the increase of DBH (Table III.1). The equations built for dry forests by Brown et al., (1989) and
Brown (1997) showed similar values. The mean biomass in the landscape derived from different
allometric equations across the plots was 132.8+83.4 Mg ha™' (Table III.1 & Figure III.4a). However,
when three outliers were excluded it was observed to be a normal distribution (JB, p= 0.08, Figure I11.2b)
with a mean estimate of 118.1+44.0 Mg ha™ and a median of 107.9 Mg ha™.

On average, at least 60% of the AGB (DBHgvace) Was allocated in trees with a DBH<28.7 cm
(Figure I11.4a) with little variation among the diverse equations (Table III.1 & Figure I11.4b). The range
in DBH was between 25.3 cm (Martinez-Yrizar et al., 1992) and up to 31.5 cm (Navar, 2009). The same
approach used to identify what diameter the 80% of the AGB (DBHggvags) lay within showed higher
variability. The mean DBHgyyags Was 50.7 cm with a median of 48.4 cm. The DBH could be as low as
40.4 cm (Martinez-Yrizar et al., 1992) and as high as 63.0 cm when using Navar’s (2009) equation
(Table III.1 & Figure II1.4b). When the mean biomass estimate was >100 Mg ha™' 70% of the AGB was
allocated in trees with a DBH <40 cm and increasing to ~95% in plots when AGB <100 Mg ha™.
Contrastingly, plots where AGB <50 Mg ha™ did not contain trees >30 cm in DBH.
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Table Ill.1 Mean AGB for each allometric equation and minimum DBH to reach 60 and 80% of
the AGB.

Equation AGB (Mg ha’)  DBHgusace (€M)  DBHggeace (€M)
Brown et al., 1989 (T.moist)  105.8 29.1 49.5
Brown et al., 1989 (T. dry) 124.1 27.5 48.4
Brown, 1997 124.8 30.3 60.5
Chave et al., 2005a 98.4 28.1 453
Chave et al., 2005b 145.4 29.0 47.5
Martinez-Yrizar et al., 1992 77.6 25.3 40.4
Névar, 2009 103.6 31.5 63.0
Mean 132.8+83.4 28.7 50.7
Median 110.1 29.0 48.4

When contrasting different allometric equations, uncertainty in biomass estimates per tree
increased with DBH, mainly occurring in classes >75 cm. However, because of their low densities they
accounted for 7.7-12.4 Mg ha™', which represents ~10% of the total AGB (Figure II1.4b). On the other
hand, the primary source of uncertainty was related to more populated trees (DBH<35 c¢cm) which, with
little variation in AGB per tree, their large densities represented about 66.3% of the AGB estimates, with
a range of 65.1-81.9 Mg ha™ (Figure I1.4a & b).

a) b)
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Figure Ill.4 Cumulative AGB per diametric class in cm for five allometric equations. (a)
Cumulative AGB is expressed in Mg ha™ and in (b) in percentages. In all cases bars refer to the
upper and lower quartile, a solid black line refers to the median, white dots refer to outliers while
the greatest and the lowest values, excluding outliers, are expressed with whiskers.

[11.3.4 Carbon stock estimates

This ecosystem reached a mean above (live and dead) ground carbon (AGC) stock of 64.1 MgC ha’
' (+24.0, -23.5). About 87% referred to live AGB, 9% to fine litter and 4% to coarse litter. Considering
the uncertainty in the estimates of biomass and carbon content the live AGC stock was 55.8+20.8 MgC

ha™'. Regarding other C stocks, litter showed a normal distribution (JB test p=0.08) with a mean value of
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5.7842.14 MgC ha™ (Figure III.2c), similar to other regions (Brown and Lugo, 1982; Delaney et al.,
1997; Delaney et al., 1998). Coarse litter showed a geometric mean C stock of 2.48 MgC ha™ (+1.05, -
0.56; log transformation, JB p-value = 0.84). On the top 5 cm of the soil, the mean C stock was
23.00+5.95 MgC ha™' with a normal distribution (JB test p=0.70) (Figure II1.2d). Considering a depth of
50 cm, the carbon stock in soils was found to be 149.27+3.46 MgC ha™. The total AGC and below carbon
(BGC) stock was ~213+28 MgC ha™'. The proportion of SOC in the top 50cm and AGC stocks was 2.3:1,
which falls in the upper limit of other dry ecosystems (Delaney et al., 1997; Walker and Desanker, 2004;
Ryanetal., 2011).

[11.3.5 Spatial autocorrelation analysis

The spatial dependence among different variables and scales of analysis showed that the landscape
is highly heterogeneous. For example, at the local scale, the different biological and soil properties, and
carbon content (N=38) showed a high semivariance between neighbouring plots or did not exhibit spatial
autocorrelation. We detected a non-monotonic variogram ‘hole effect’ for the measured variables, where
the semivariance was larger at distances <40 m than those in the range of 40-80 m. However, it seems
that variograms were dampened because of an irregular sampling design inducing a super-imposition of
multiple continuity structures (Journel and Froidevaux, 1982; Pyrcz and Deutsch, 2003). At the local
scale, AGB and BA in large trees (=30 cm in DBH, N=365) did not show spatial autocorrelation.

Table 11l.2 Semivariogram parameter estimates for measured variables at a coarse spatial scale
derived from a fitted spherical model.

Units Range (m) Sill Nugget  Nugget/Still r
ratio
Basal area m’ ha’ 86.6  120.0 422 035 0.42
Live AGB Mg ha 228.5 3,028.6 1,265.4 0.42™  0.29
Fine litter ~ Mg C ha’ 1,506.0 4.7 0.4 0.08°  0.76

**Spatial dependence: (S) strong (M) moderate (L) low.
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Figure 111.5 Semivariograms of AGB, basal area and fine litter.

At a landscape scale, the range of spatial autocorrelation showed 2 contrasting figures (Table I11.2
and Figure II1.5). On the one hand we have BA and AGB (N=81) which showed a range of <250m, both
with a moderate spatial dependence. Fine litter carbon (N=40) stock had a range of ~1.5 km with a strong

spatial dependence. On the other hand, soil properties did not show spatial autocorrelation (N=19).
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Figure 111.6 Semivariograms of altitude and distance to streams.
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[11.3.6 Biophysical properties regresses to live AGB

There is a strong correlation of AGB to variables that may account for water stress, and less
correlation with soil nutrients. For example, LAI is an important proxy for many biological processes like
water and nutrient availability, and to some extent AGB. In the TDF mean annual LAI was the strongest
factor (r* adj =0.19, p<0.000) (Figure III.7a) to explain AGB. The LAI time series suggested that the
main differences across AGB groups occurred during the dry season (Figure I11.8a). During this season
low-high AGB groups (<200 Mg ha™) showed the lowest LAI figures (1.4-1.9 m* m™), whereas very high
AGB (>200 Mg ha™) reached values of 3.7 m* m™. During the rainy season different groups showed
similar means: 4.6 m> m™ for low and medium AGB group (<100 Mg ha™), and 4.9 m* m™ for high and
very high groups (>100 Mg ha™), with a maximum LAI of ~6.5 m® m™ (Figure II1.8a). Interestingly,
number of trees or any combination of different classes of number of trees per diametric class did not
correlate to LAI (Figure 111.3d). The best correlation was identified for number of trees DBH >30 cm
(1’=0.05, p=0.040) (Figure III.3¢).

AGB regressed positively to altitude (r* adj =0.12, p<0.001; Figure II.7b). At higher altitudes
(>500 m a.s.]) mean AGB was ~180 Mg ha™', while at lower altitudes (<200 m a.s.) the mean estimates
were ~115 Mg ha™. This can be related to the relative humidity that is in the air, where at higher altitudes
the humidity is higher. Pml regressed inversely to AGB (Figure 111.7¢c), places with low Pml during the
dry season (420-440 W m™) reached the highest figures with a mean estimate >260 Mg ha™', and when
PmI >500 W m™> AGB was ~120 Mg ha™. Aspects facing West and North showed the highest AGB with
mean figures ~140 Mg ha’', while East and South faces showed lower mean estimates (Figure II1.7d).
About 30% of plots with the lowest AGB were allocated in the South-East orientation (Figure I11.8b), and
~30% of the plots with the highest AGB were orientated South-West and West aspects, where only 40%
were found in the North and East orientations. Terrain curvature showed importance in places where dry
climate dominates (mean annual temperature >26°C and total precipitation <850 mm). Concave
curvatures showed AGB figures ~110 Mg ha™, while in more exposed positions the estimates were ~85
Mg ha™ (Figure II1.7¢). Distance to streams showed a spurious inverse regression only for the first 140 m
(* adj=0.07, p=0.055; Figure IIL.7f). CTI was used as an index to express soil wetness and nutrient
deposition. For example, values <5.0 showed a mean AGB of ~110 Mg ha™, and values between 7.5 and
10 showed the highest AGB estimates (>150 Mg ha™). Variables such as slope and distance to the coast
did not show any explicative power to AGB estimates.

Regarding climatic variables, mean annual temperature showed an inverse regression to AGB (r*
adj=0.13, p<0.001; Figure IIl.7g). Places with a mean temperature <25°C showed the highest estimates
(~210 Mg ha™), in sites with temperature >26°C the AGB was ~110 Mg ha™. Seasonal climate amplitude
during the dry season showed a positive regression (r* adj=0.09, p<0.001; Figure III.7h). When the
amplitude was <1.9, mean AGB showed the lowest figures (~115 Mg ha™') and when it was >1.9, mean

AGB increased (~150 Mg ha™).

44



a) b) ¢) d)
S | - Je o - T o ol o T+ :
Ll o = Ll o = 1 o = - Ll o
& 8- y 37.7+2%9x° . & 8- J 103.9+o.113xoo & 8 y=474.4 0.663x° .o & B -
o T° 6, ° o = [ 1° 8 o o -1 ° O, =) 14 T | |
2 7 3 2 7 W E: _W = _ E T
m 9 c m 9 m 9 o © m 9
S S — 8 S - o S 4
¢ =] ¢ 1%y’ - ¢ =] =S¥ 2 =] =
o — o - o — o —
T T T T T T T T T T T T T 1 T T T T
3 4 5 6 0 200 400 600 800 440 480 520 560 W N E S
LAl (m2 m-2) Altitude (masl) Solar irradiance (W m-2) Aspect
R2 adj = 0.19 p<0.001 R2 adj =0.12 p<0.001 R2 adj = 0.09 p<0.004
e) f) g) h)
~ : ° — : o - :O oo - : o o
L] o L] o = - ) o = - Ll o =
‘5:; 2 . _ %, 3 . y= 1496 2.392x % 2 . y 0735.20230x ] o %, g . J= s iw.zsxo .
S 1 ! S 12° ogooq, |, . g ] °oo o °8 s _W
o 3 0 g P T err—ad @ 3 @ 3 o8 03
2 1 S H @0 S S
g ‘_—E? - Q T %% % oo o Fo g — ° 08 g - o° o°
o - o - o - o 4
T T T T T T T T 1 T T T T T T T T T 1
Concave Flat land 20 60 100 140 24 25 26 27 175 185 195 2.05
Terrain curvature for plots with Distance to streams (m) Mean annual Temp (?C) Ratio of extreme temperatures during
PP<850 mm and T>267?C R2 adj = 0.07 p=0.055 R2 adj =0.13 p<0.000 dry season; R2 adj =0.09 p<0.003
) j)
_ 1 oo o - ] oo o
v Q@ 4 y=461+0086 v @ 4 y=558+19%
2 81% “ o o 2 8]0 o o
2 1% 2 Jus o3
m (= m o
0o 27 So 0 27 ° o
< — < -
o — o -
T T T T T 1 T 1 L T
600 1000 1400 20 30 40 50 60 70

Annual rainfall (mm)
R2 adj =0.14 p<0.001

Precip : Temp ratio
R2 adj = 0.14 p<0.001

Figure 111.7 Significant biophysical variables tested against AGB. (a) Mean annual LAl comes
from a MODIS-Terra with a spatial resolution of 1x1 km. (b) Altitude, (¢) Solar irradiance, (d)
Aspect, (e) Terrain curvature and (f) Distances to streams are derived from a digital elevation
model with a spatial resolution of 20x20m. (g) Mean annual temperature, (h) Ratio of extreme
temperatures during dry season, (i) Annual rainfall and (j) Precipitation:Temperature ratio, come
from WorldClim (Hijmans et al., 2005) with a spatial resolution of 1x1 km. Linear regressions
come from ordinary least squares. The regressions report adjusted r* and their significance p-
value (p).

Total precipitation was an important positive factor (r* adj=0.14, p<0.001; Figure III.7i). Places
with a limited rainfall (<1,000 mm yr™") showed the lowest mean estimates (~115 Mg ha™), increasing to
~160 Mg ha™ when the precipitation exceeded 1,000 mm per year. Precipitation:mean annual temperature
ratio showed a positive correlation with AGB (Figure I11.7j): when the ratio was >50 mm °C"' mean AGB
reached its highest figures (~185 Mg ha™), reducing the estimates (~120 Mg ha™") when the ratio was <50

mm °C™,
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Figure 111.8 AGB groups for time series of (a) mean leaf area index (202-2014) and (b) radar
chart for samples distribution over different aspect orientations. LAl time series is expressed in
m? m? per day and aspect is referred to in degrees (°) where 0° is North, 90° is East, 180° is
South and 270° is West orientation.

Soil texture was an important factor in explaining AGB. Clay and silt content were inversely
related to AGB (1* adj =0.38, p=0.003; and r* adj=0.18, p=0.041; Figure II1.9a and II1.9¢), while sand
content was positively related (r* adj=0.30, p=0.009; Figure II1.9b). The pH classes showed that strong
acidic soils (pH<5.5) had the lowest AGB estimates (~55 Mg ha™), followed by moderate to slightly
acidic soils and neutral soils (~120 Mg ha™; pH= 5.5-7.3). However, slightly alkaline soils showed the
biggest variation in AGB estimates but concentrating its median in ~90 Mg ha™ (Figure I11.9d).

The SOC on the top 5 cm did not show any apparent tendency to explain AGB (Figure I11.9¢). The
N stock on the top soil suggested that when the N stock is <1.0 MgN ha AGB would be ~130 Mg ha™,
reducing to ~85 Mg ha"' when N stocks are 1.50-1.75 MgN ha™' (Figure II1.9f). The highest mean AGB
estimate (~115 Mg ha™') was identified when the mean P stocks <25 kgP ha , and reducing to ~95 Mg
ha™' when >50 kgP ha (Figure II1.9g). In the C:N stoichiometric ratio <10 the median estimate was the
smallest with a value of ~76 Mg ha™', but with a proportion of 12.5-15 the median estimates reached their
maximum (~136 Mg ha™") (Figure I11.9h). In the N:P stoichiometric ratio <12.5 the AGB median estimate
was ~95 Mg ha™', but with a ratio 25-37.5 the maximum median estimates were observed: (~128 Mg ha™)

(Figure II1.91).
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Figure 111.9 Significant soil properties for the top 5 cm tested against AGB. (a) Clay, (b) Sand
and (c) Silt content are presented in a linear regression to AGB. (d) The potential hydrogen
(pH), (e) carbon, (f) nitrogen and (g) phosphorus stocks, and (h) C:N and (i) N:P stoichiometric
ratio are presented in boxplots for highlighting general trends in the landscape.

[11.4 Discussion

For a proper understanding of AGB in a mature TDF, it is necessary to perform a multi-scale and
multi-factorial analysis. Information in this study such as structure and spatial heterogeneity and
autocorrelation helped in generating understanding of regional dynamics, and the impact on sampling
collection. From a fine scale, it was possible to identify that the main source of uncertainty of AGB is
related to small trees. Small trees are highly dense and they represent an important amount of AGB.
Information regarding water stress played a significant role in explaining inter-site differences in the
ecosystem structure and dynamics for AGB potentials. Information such as soil physical and chemical

properties, topography, and bioclimatic factors are important to understand the spatial dynamics in AGB.
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11.4.1 Community assembly, spatial configuration and AGB
uncertainties

Different authors (Chave et al., 2003; Chave et al., 2004; DeWalt and Chave, 2004; Slik et al.,
2010; Ruiz-Jaen and Potvin, 2011; Slik et al., 2013) have shown that forest structure is necessary to
explain AGB but their performance is different across sites. In this study it was possible to identify that
TDF has a higher number of trees with DBH <30 cm, and it shows an inverse J-shaped tree-size
distribution. This suggests that the forest is a mature natural forest with proper regeneration and
continuous replacement (Hall and Bawa, 1993; Lykke, 1998; El-Sheick, 2013). Tree density seems to be
highly variable across different tropical forest. For example, this site showed a higher density than
another mature TDF (Gillespie et al., 2000), and more than a tropical moist forest (Chave et al., 2003) but
similar to another TDF in Mexico (Jaramillo et al., 2003; Gallardo-Cruz et al., 2005) and to other TDFs
in Latin America (Trejo, 1998; Jaramillo et al., 2003; Marin et al., 2005; Powers et al., 2009).
Nevertheless, the proportion of number of trees per diametric class does not differ significantly from a
moist forest (Chave et al., 2003), in lowland Neotropical forests (DeWalt and Chave, 2004) and other
TDFs (Jaramillo et al., 2003; Marin et al., 2005). This suggests that community assembly depends highly
on the proportions of the individuals, rather than in the overall number of trees as might have been
inferred.

The allocation of trees depends on a multi-variable inter-correlation of micro-climatic and micro-
topographic conditions, and/or the result of intra-species rather than inter-species competence for light or
nutrients, as has been argued by others (Hubbell, 1980; Gonzalez and Zak, 1994; Condit et al., 2000).
Soil properties, tree allocation (AGB and BA per trees >30 cm) did not show spatial autocorrelation. This
implies that at tree level the community was spatially heterogeneous and the tree-spatial distribution did
not show an assembly of patches of similar biodiversity and/or biophysical properties as was suggested
by earlier authors (Hubbell, 1979; Levings, 1983; Murphy and Lugo, 1986b; Condit et al., 2000).
However, at the level of landscape, AGB and BA did show spatial autocorrelation. AGB was more highly
influenced by water stress than BA. AGB showed a similar range of spatial autocorrelation with
topographic changes, mainly in altitude and distance to streams. These factors may affect water
availability and solar irradiance; as a result, the competence inter- and intra-species play an important
role in mean canopy height which indirectly impact on AGB estimates (Ruiz-Jaen and Potvin, 2011).
These may also result in biodiversity changing over similar ranges (He et al., 1996). Based on these
results we can answer Q1 by suggesting that there is not spatial autocorrelation in AGB beyond the local
scale because AGB and soils’ properties in the landscape are heterogeneous. Therefore, to have a proper
representation of the landscape, and the variables that drive the AGB allocation, it is necessary to
implement strategies to capture the range of AGB variability in space and magnitude. However, more
research is needed to understand how micro-topographic changes might affect landscape AGB estimates.

There are some suggestions that make us believe that AGB and tree biodiversity vary over similar spatial
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ranges (He et al., 1996). So it is important to begin exploring the influence of tree species diversity on
spatial AGB distribution (Ruiz-Jaen and Potvin, 2011).

Mean BA and AGB proved to be similar to other reports (Gillespie et al., 2000; Jaramillo et al.,
2003). BA distribution across diametric classes was similar to those reported for others’ TDF (Jaramillo
et al., 2003; Marin et al., 2005), where most of the BA (67%) is measured in trees with DBH <30 cm.
However, trees with a DBH >50 cm represent almost double the amount of BA than that reported by
Marin et al., (2005) and Jaramillo et al., (2003). The mean AGB fell within the reported range for this
type of forest (Brown and Lugo, 1982; Brown and Lugo, 1990; Murphy and Lugo, 1986a). It was
however higher than others reported for a TDF in Puerto Rico (Murphy and Lugo, 1986b) and Mexico
(Jaramillo et al., 2003; Martinez-Yrizar et al., 1992).

Forest inventories and allometric equations may drive significant changes in the understanding of
this ecosystem with major implications for AGB. On the one hand, forest inventories have focused
mainly on classes with DBH >10cm (Brown, 1997; Keller et al., 2001), because smaller stems are
considered principally important in young and secondary forests. On the other hand, allometric equations
produce different AGB estimates per tree. These can lead to substantial differences in the understanding
of the community assembly and AGB estimations at the landscape scales. At tree level, different
allometric equations have shown that large trees (DBH >75 cm) were the most uncertain AGB estimates,
as other authors have suggested (Baker et al., 2004; Chave et al., 2004). However, large trees (DBH >60
and 75 cm) are scarce in the TDF landscape which means that they have little impact on mean AGB
estimates at the landscape scale (~20 and 11%, respectively). Similar observations have been reported in
other tropical ecosystems (Keller et al., 2001; Chaturvedi et al., 2011), and our number is slightly higher
than the 13% reported by Nascimento and Laurance (2002) for trees DBH >60. Whereas small to
medium-sized trees (DBH <30 cm) are important, because their high abundance may contribute to the
greatest biomass (>60% of the AGB) - as found in other reports (Baker et al., 2004) and up to ~80%
(Jaramillo et al., 2003; Chaturvedi et al., 2011). This has led to the conclusion that it is little differences
across different allometric equations on small to medium-sized trees which have the greatest impact on a
landscape scale, as they also do on the uncertainty (Keller et al., 2001). Finally, the underestimation of
small-sized trees may represent an important AGB loss (Keller et al., 2001). They can represent about
15% loss, or 8% for trees under 10 or 5 cm in DBH, respectively, similar to proportions reported for
another mature TDF in Mexico (Jaramillo et al., 2003) and smaller than that reported by Read and
Lawrence (2003). Based on these, the results for the Q2 is that large stems are not the major contributors
in AGB estimates. Most of the TDF biomass is allocated to trees with a DBH<30 c¢cm. Moreover, to
reduce the uncertainty on AGB estimations at landscape scale, forest inventories should implement a full
sampling collection for every stem, and allometric equations should be improved for small to medium-

sized trees (<50 cm in DBH).
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[11.4.2 Little can be extrapolated from soil nutrients to understand
AGB

Mature forest AGB shows fewer linear regressions to soil properties as could be inferred from
studies done under different secondary forest or chronosequences (Christensen and Peet, 1984; de
Castilho et al., 2006). In this study different soil properties were similar to other TDFs, for example, pH
(Lugo and Murphy, 1986; Garcia-Oliva et al., 1994; Wick et al., 2000; Garcia-Oliva et al., 2006), soil
textures (Garcia-Oliva et al., 1994), N and P (Lugo and Murphy, 1986; Campo et al., 1998), and C:N and
N:P ratios (Cleveland and Liptzin, 2007). However, in contrast with other studies a higher C
concentration was identified for the topsoil, though similar figures for the first 20 cm. These differences
were the result of the sampling collection that took place during the dry season when all micro nutrients
accumulate (Jaramillo et al., 2011). Moreover, this study did not find any evidence to suggest that N or P
play an important role in AGB, in contrast with some other studies in secondary and chronosequences
(Elser et al., 2007, LeBauer and Treseder, 2008), while the C:N and N:P ratios were shown to be
important to explain AGB, similar results to other authors (Mirmanto et al., 1999; Slik et al., 2010;
Wright et al., 2011; Alvarez-Clare et al., 2013). This can be understood on the basis that mature forest is
not as highly nutrient demanding as a secondary forest; and these results accord with those reported by
Wright et al.,(2011) and Mirmanto et al.,(1999). Moreover, Ruiz-Jaen and Potvin (2011) found that the
proportion of nitrogen fixer species play a major role in explaining AGB in N-limited forest. This can
suggest that this forest, dominated by N-fixers (Salas-Morales et al., 2007), establishes important

symbiotic nitrogen fixation processes that help it overcome N-limitations.

[11.4.3 Water stress is the main driver of AGB allocation at different

scales

At various spatial scales, the important predictor variables were directly or indirectly correlated to
water stress with implications for AGB, endorsing similar results reported for another arid region (Snyder
and Tartowski, 2006).

At the local scale, soil texture actively mediates water availability (Sperry et al., 1998; Sperry and
Hacke, 2002). In particular, in the TDF sandy loam textures have good drainage, good water-holding
capacity and the right amount of movement of soil air, helping the development of plants during the rainy
season, and to overcome the dry season when water uptake is hydraulically limited (Hultine et al., 2005).
Trees in these textures are highly sensitive to small precipitation pulses which reflect on the carbon
sequestration (Fravolini et al., 2005) with significant implications for local and regional AGB.

At sub-regional scale, topographic variables also played an important role in explaining water

stress. For example at higher altitudes less potential evaporation happened due to a reduction in
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temperature and an increase in precipitation (SMN, 2014). This study showed that higher AGB estimates
were measured at higher altitudes as a result of a reduction of water stress and not because of higher
restrictions for anthropogenic disturbances, as had been suggested from landscapes dominated by
disturbed forests (de Castilho et al., 2006; Alves et al., 2010; Woollen et al., 2012). On the contrary, at
lower altitudes precipitation is significantly reduced with an increase in evaporation. Some other
topographical variables correlated indirectly to bring shelter to plants against water and nutrient stress,
such as terrain curvature (Cusack et al., 1997; Gessler et al., 2000) and aspect (Galicia et al., 1999;
Bijalwan, 2012). Distance to streams showed an inverse correlation to AGB (Cusack et al., 1997; Rango
et al., 2006), but to a degree only valid in the first hundred meters; this can be related to root systems
which catch lateral distribution of water. While some authors (de Castilho et al., 2006; Alves et al., 2010)
found that slope plays an important role in AGB distribution, we did not find any clear pattern, but this
can be related because those studies may be allocated to different disturbance processes.

At the landscape scale, climatic variables correlated more strongly to AGB. On the one hand,
temperature correlated inversely to AGB, mean annual temperature and intra-seasonal temperatures’
variability. This suggests that in sites where temperature does not vary significantly during the rainy
season plants tend to be more water stressed than in those areas with more variability, among which are
mainly great differences during day and night when in the latter, plants re-hydrate themselves (Reich and
Borchert, 1984). On the other hand, rainfall and precipitation:temperature ratio correlated positively to
AGB. Where sites with higher precipitation or higher ratio of precipitation per °C shows less water stress
and as a result, higher AGB, as other studies suggested (Murphy and Lugo, 1986b; Martinez-Yrizar et al.,
1992; Jaramillo et al., 2003; Read and Lawrence, 2003).

It is important to highlight that water stress did play its part as the major driver on AGB and SOC.
For example, this site is among the highest SOC reports for the first 50 cm, and this is in contrast to other
TDFs in Mexico. This region shows a higher precipitation than other TDFs in Mexico, promoting faster
soil mineralization, and as a result, higher SOC.

Finally, mean and seasonal LAI were capable of capturing the seasonal water availability by leaf
expression and senescence (Reich and Borchert, 1984). Sites with a higher mean LAI or with less inter-
seasonality correlated to sites with less water stress, and they also showed higher AGB estimates. These
processes can be related to the cycles of carbon up-take, suggesting that sites with less inter-seasonality
have a longer growing period and as a result, higher AGB estimates, which follows similar observations
done by Kenzo et al., (2010). LAI did not correlate to forest structure (number of trees) as might have
been expected. However, the major limitation of using MODIS-LAI is that some pixels might display a
mixture of signals of natural vegetation and anthropogenic disturbances and the observations may not

fully represent the LAL
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[11.4.4 A multi-scale conceptual integration

Mature forest AGB is the expression of multiple factors which co-evolve over different spatial and
temporal scales, as similarly observed by Poisot et al., (2011). Our results suggest that at the local and
landscape scale water availability is the major variable constraining AGB estimates. However, our
variables are not capable of explaining AGB estimates >300 Mg ha™'. In those sites at least three colossal
trees with DBH>45 cm were recorded. This failure in reproducing very high AGB estimates could be the
result of the spatial resolution of our data sets, which is similar to results reported by de Castilho et al.,
(2006). The understanding of large-sized tree allocation on a local scale is not simple because of the
complex interaction of biotic and abiotic elements. Some authors argue that large-sized tree allocation is
the result of biotic interactions which modify the competitive ability of plants (Yeaton et al., 1977,
Hubbell, 1979, 1980; Gonzalez and Zak, 1994; Condit et al., 2000; Lucero et al., 2006). Also Korner
(2007) suggested that it is the result of gradients in light availability mediated by local topography, soil
and air temperature, which creates different types of light microhabitats. However, Arriaga et al., (1993)
found that soil nutrient content and shade-sun conditions do not seem to explain the patchy distribution of
perennial plants. In any case, such information is difficult to acquire on a landscape scale with such a
degree of detail, and the most conclusive studies were done on continental or global scales (Slik et al.,
2013), where climatic variables explain AGB and density of large-sized trees. This study answers Q3 by
showing that water availability is a key limiting factor for AGB across different scales in a TDF, but it is
not the only one. Soil properties, topographic and climatic variables explain AGB trends and capture
mean estimates across the landscape. Leaf deciduousness correlated to AGB due to water availability,
mainly during the dry season. At the local scale, it also explained AGB estimates by topographic and soil
properties. However, some AGB estimates cannot be understood, particularly explaining the presence of
very large-sized trees. This suggests that there are other factors that are influencing AGB estimates and
that they can only be captured with a finer spatial resolution and/or a multi-variable approach that could

improve the understanding of such large AGB estimates.

I11.5 Conclusion

TDF is highly heterogeneous not only in landscape structure but also in tree species, resulting in
AGB distributed in patches. In a landscape like TDF, which is dominated by small stems, with a fine
scale sampling collection, the landscape is not over simplified, and primary variables that drive AGB at
local and landscape scales are captured. In this chapter, by excluding the outliers, the mean AGB
estimates followed a normal distribution and fell between the reported ranges for similar vegetation type
and rainfall, with no statistical differences between different sampling designs. The community structure
was mainly driven by small trees, which account for much of the AGB estimates, contrasting with results

reported for other tropical forests. Small-medium-sized trees (DBH <30 cm) induced the highest
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uncertainty in AGB estimates. While possibly a significant source of uncertainty could be tackled using a
local allometric equation for trees within 5-40 cm in DBH, the high uncertainty that those equations can
provide may not reduce it significantly, in contrast to the current Pantropical equation. In a mature TDF,
water availability plays the major role as far as explaining AGB in a local, sub-regional and landscape
scale is concerned. Plants stressed for water availability may be affected directly and indirectly by
climate, topography and soil physical properties. LAI was shown to be a useful index for AGB estimates
across large spatial scales. From these results, it is possible to suggest that there are other underlying
variables that could not be captured, thus misleading the AGB estimates, mainly where large-sized trees
were present. Soil nutrients play an important role in regeneration processes, but how they link into AGB
estimates in a mature forest is not well documented. Therefore, future models should look into how fine-
scale patch dynamics may be coupled on broader scales to make a better representation of AGB and its
potential implications for climate change risks. Moreover, more research is necessary to understand how
nutrients are distributed and how they may correlate with climatic factors and how they correlate with
AGB in mature forest, rather than focus the studies under regeneration processes and extrapolate the

outcome to mature forest, which may influence the understanding of the ecosystem dynamics.
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Chapter IV. The spatial heterogeneity of carbon sequestration
potential in a tropical deciduous forest can be driven by model
selection

V.1 Abstract

Information regarding how non-human disturbed (potential) AGB is spatially distributed in the landscape
and what factors may affect it is of importance for prioritize areas for the implementation of REDD+
projects and for understanding the ecological constraints that limit the magnitude and the allocation of
carbon stocks. The aim of this chapter is to identify the factors that influence the reconstruction of the
spatial heterogeneity of potential AGB that could be expected under current climate trends and without
human disturbances. Here a survey of 83 field plots was applied, with an area of 300-400 m* and eight
plots of 1 ha each. The plots were allocated in mature, undisturbed forest across major landscape
gradients to investigate the AGB spatial constraints. To reconstruct the spatial heterogeneity of carbon
sequestration potential, the potential AGB was reconstructed by 7 statistical techniques. This is the first
study to test the performance of various techniques in predicting potential AGB from field observations
and biophysical variables. The results suggest that GLM and GAM performed similarly and
outperformed other more complex models. By re-scaling the information into coarser resolutions, the
model also has a significant predictive power against independent data. The next 2 best models were
automated neural networks (NN) and simple regression tree (RT). The models that performed with the
lowest accuracy against independent data were Generalized Linear Mixed Models via Penalized Quasi-
Likelihood, MaxEnt and Random Forest. The GLM, NN and RT models returned comparable mean AGB
predictions to field AGB, suggesting that the potential carbon stock in the 215,687 ha evaluated is
between 11,000 and 13,000 GgC. The spatial heterogeneity across AGB estimates coming from the
different models shows that NN and RT tend to be biased, and estimations tend to be clustered while the

GLM model was capable of reproducing the spatial patterns of observations.

55



V.2 Introduction

The deforestation in the tropics has been considered an important source of carbon emissions and
as a consequence a great driver of climate change (Houghton, 2005a). However, the uncertainty of such
estimations is large. To estimate current carbon stock and the rate of loss (flux) some authors have
estimated the loss of biomass by considering a mean deforestation rate and a mean of biomass (Achard et
al., 2002; DeFries et al., 2002; Achard et al., 2004; Houghton, 2005a). Others have estimated AGB over
different time steps (Harris et al., 2012; Ryan et al., 2012; Collins and Mitchard, 2015). However, these
losses are not able to estimate the total AGB that has been lost and they can mislead understanding of
where the major AGB losses occurred, mainly as a result of the saturation point of modeled AGB.
Current human disturbance may bias the understanding of deforestation and carbon losses. These
differences can lead to higher AGB estimate uncertainties than the measured AGB losses. Nevertheless,
these methodologies are useful for implementing conservation strategies to reduce the impacts of
deforestation on carbon stocks.

To mitigate climate change and to reduce the impacts on ecological processes, both REDD+ and
CDM projects should take into consideration the potential biomass that can be reached in the landscape
and to understand its spatial heterogeneity (Mason et al., 2012). With the assessment of potential AGB it
is possible to estimate the total carbon emissions that took place in the past which cannot be estimated by
other means, for example in agricultural fields (Exbrayat and Williams, 2015) or cities (Doko et al.,
2014; Lentz et al., 2014). In any case, the understanding of the potential carbon sequestration will enable
to estimate the total losses due to anthropogenic activities. Moreover, it will be possible to evaluate if a
particular place has lower AGB than expected as a result of disturbances or as a result of natural
constraints. And, it will help in to prioritize the implementation of restoration programs and/or land
management.

AGB allocation can be understood as a multi-factor expression over multiple spatial scales, as
explained in Chapter III. However, these factors interplay along the landscape, and they impact the
expression of potential AGB (AGB,,). Models capture the multiple responses differently and interactions
among the variables; as a result, they may represent the AGB contrastingly. Thus, the critical question to
be addressed of this chapter is, what are the main responsible factors to drive and to bias the AGB
allocation in the landscape? To be able to answer this general question, this chapter was focus in four
specific questions:

Q1. Are contrasting models returning similar mean estimates at broader scales?

Q2. Does more complex algorithms have a better performance to fit non-linear relationships
when there are data limitations in observations and predictor variables?

Q3. What are the different sources of uncertainty in the models predictions?

Q4. Does the models performance are similar over different spatial scales?
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IV.3 Results

Simple bivariate correlations to predict AGB are not enough to explain AGB>175 Mg ha’
(Chapter III). However, with the proper model and variables it is possible to improve the accuracy of
predicting AGB. This would contribute to better understanding of the factors that drive the allocation of
AGB and make it possible to explore the spatial heterogeneity of potential AGB. Diverse variables,
mainly those related to water stress have the capability to predict AGB. However, climatic variables
exhibit high sensitivity, which drove the highest discrepancies in reproducing AGB. Model selection
played a significant role in variables selection, as well as AGB spatial representation. However, not all
the models have the capability to improve the null model. The scale of analysis is essential to understand
the execution of the models and to explore the spatial heterogeneity of AGB. The top three best models
display major contrasts in a local scale while the total AGB estimates were congruent at a landscape
scale. These phenomena can be related to the sensitivity of the proportions of the selected observations
during the calibration process and/or the capability of the models to predict across the extent of its
calibration range. Because most of the landscape is dominated by low AGB estimates, models showed
good ability to reproduce them. However, this is not true for high AGB estimates which have led to great
variations in the spatial representation. Moreover, each model with its own algorithm was able to expose
different forms of bias towards some biophysical variables, mainly to explain middle and high AGB

estimates, and so producing significant changes to the previously perceived spatial heterogeneity of AGB.

IV.3.1 Multi-variable correlation to AGB

The most meaningful predictor variables identified across the models were: altitude (A); aspect via
folded transformation (As); compound topographic index (CTI); distance to streams (DS); probability of
deciduousness (PD); solar irradiance (SI); mean annual temperature (MT); and total precipitation (TP).
However, climatic variables were excluded from further analysis because they make a great impact on the
potential AGB. In Figure IV.1 can be seen that under a MC simulation all the selected variables predict
the potential AGB close to the observations, in range and mean. On the one hand, MC model is the result
of the Monte Carlo simulations when the different predictor variables are included under the MC
analysis. The result shows similar distribution and range as the observations. On the other hand, when all
the predictors are static and only one factor is variable, the sensitivity test shows that SI was the most
significant to impact on AGB predictions but the predictions fall within the range of the observations.
Contrary to the same test when using climatic information. When climatic information was used, the
AGB prediction range exceeded over two orders of magnitude the maximum AGB that the ecosystem

may reach. With the Spearman’s correlation, it is possible to notice that SI had the strongest negative
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correlation to AGB, followed by As and CTI. On the contrary, A, DRs and PD returned a positive
correlation to AGB (Figure IV.1).
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Figure IV.1 The figure on the left shows the Monte Carlo simulation for sensitivity test for the
predictor variables. The panel at the right-hand size shows the Spearman’s correlation between
predictor variables and observed AGB under MC simulations.

IV.3.2 Models validation

The tested models exhibit diverse performance in predicting AGB,, (Figure IV.2). Different
statistical methods that reproduce significantly to AGB, are: GLM (RMSE=38.8 Mg ha™ and bias=1.3
Mg ha™'); GAM (RMSE=38.5 Mg ha' and bias=1.2 Mg ha'); NN (RMSE=54.8 Mg ha™ and bias=13.4
Mg ha™'); RT (RMSE=59.0 Mg ha' and bias=5.9 Mg ha™'); and RF (RMSE=66.4 Mg ha' and bias=2.6
Mg ha™). Four models were excluded from further analysis: two of them showed low accuracy to
reproduce observed AGB (MaxEnt and GLMM); the other two (RF and GAM) because their predictions
did not improve the achievement of a simpler model. RF achieved more similar predictions than RT.
However, the latter revealed more precision across the predictions, and the model was less complex.
Moreover, RF reproduced the calibration samples accurately, but predictions against the independent
validation samples displayed a reduction in accuracy to reproduce observation with AGB >200 Mg ha™.
Though GAM produced almost identical predictions to GLM, it was excluded from being a more
complex model. To ensure that the lack of predictability of RF and MaxEnt models was not related to the
limitation caused by the low number of employed variables, the models were re-tested with all the other
predictor variables. The predictions did not however significantly improve in contrast with the original
parsimonious model.

Only GLM, GAM and NN models produced a 95% CI for predictions over the perfect fit, which

suggests that validation samples fall in between the 95% CI. Also, these models showed a more
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constrained uncertainty in estimates <300 Mg ha”. Though the RT model offered a constrained 95% CI
across predictions, the mean predictions produced a good match for AGB <300 Mg ha’' against
independent validation samples (Figure 1V.2).

Most of the modelled AGB,, estimates performed better than the null model (RMSE 77.9 Mg ha™!
and bias of 22.8 Mg ha™). For example, there was a reduction of 50% of the RMSE for GLM, 24% for
RT and 30% for NN. Regarding the bias, an analogous reduction trend was observed (in 95% for GLM,
74% for RT and 41% for NN).
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Figure IV.2 Scatter plots for observations and predictions. Black circles refer to calibration, and
red circles refer to validation. Light grey shade represents the 95% CI for predictions, darker
grey represents the standard deviation, and the darkest grey corresponds to the 95% CI around
the fitted line. The histogram bars refers to field observations. Different lines express the
distribution of the predictions in the landscape. The blue curve is the normal distribution of the
observations. The red, grey and black curves represent the models’ prediction, GLM, NN and
RT, respectively.

At finer resolution (300-400 m”) the GLM, RT and NN mean estimations were statistically similar
to the observations. The mean AGB for the observations was 132.8+83.4 Mg ha"' (STD), while GLM
produced a mean estimate of 133.0+40.8 Mg ha (W=1,372 p-value=0.09), RT of 132.1+37.1 Mg ha’
(W=1,347 p-value=0.07) and NN of 131.5+26.9 Mg ha” (W=1,373 p-value=0.09) (Figure IV.2). When
the predictions were up-scaled into plots measuring a quarter of a hectare and 1 hectare and contrasted
against independent observations (N=32 and N=8, respectively), overall GLM was the best model in
reproducing the mean estimates. When the mean prediction failed, the observed AGB fell in between the
95% CI for predictions. The CI in GLM tended to be wider (low precision) in sites where mean estimates

differed to those observed, but the CI was constrained (high precision and high accuracy) when the mean
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estimates were close to the perfect fit. RT and NN revealed lower precision in the modelled AGB
estimates. The mean predictions were comparable to the mean AGB used during the calibration,
suggesting that the models were not able to restrict the AGB predictions (Figure 1V.3). This mechanism
produced reduced RMSE and bias. For example, NN was the model with the smallest figures (RMSE
26.2 Mg ha” and bias -19.3 Mg ha™). GLM was the model with the highest bias and RMSE (RMSE 33.4
Mg ha™ and bias -20.3 Mg ha™) and RT fell in the middle of both (RMSE 29.7 Mg ha™ and bias -21.0 Mg
ha™). Particularly for GLM, solar irradiation was the main driver to explain the bias in AGB. Places with

a reduced solar irradiation (<450 W m™) overestimated AGB.
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Figure IV.3 Scatter plots for 2,500 m? and 1 ha observations and predictions. The bars in axis X
refers to the 95% CI for observations, while the bars in the axis Y correspond to the 95% CI for
the predictions. The red line refers to linear regression between observed and modelled; the
black line refers to the perfect fit.

IV.3.3 Models’ uncertainty

There are major differences in the precision and accuracy of the models to estimate the AGB
across the landscape. The CI and CV across the models exhibit different performances and patterns. For
example, the GLM model showed the highest precision in the estimates with higher accuracy among the
other models, with a mean CV of 114+4%. The lowest CV figures were related to AGB estimates <200
Mg ha™, wherein most of the cases the CV was <10%, representing 96% of the landscape. The highest
CV was identified for high AGB estimates (>500 Mg ha) with a mean of 43% (ranging in between 20
and 80%). However, this only represents 0.05% of the landscape. The RT model restricted the AGB
estimates which promoted a higher precision over the various bootstraps. This model demonstrated the
most constrained CI along the models, but the mean CV was higher than GLM (26+9%). The lowest CV
was spotted for predictions >160 Mg ha™ with a mean of 20%, but this only represents a limited area of
the landscape (11%). However, the highest CV (mean of 25% and ranging in between 15 a 70%) is
dominantly represented across the landscape (60% of the area) where AGB estimates are <115 Mg ha™.
Of the three models the NN model performed most poorly. Overall its mean estimates were akin to the

observations, but the CI and the CV showed poor performance. The lower limit of the CI tended to be
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roughly constant around 100 Mg ha™', while the upper boundary reached figures over 600 Mg ha. The
low precision and accuracy of this model tells us that NN has a very wide CI, and the mean CV tend to be
the highest (35+14%), where <12% of the landscape has a CV under 20% (Figure 1V 4).

At landscape scale, the total above ground carbon (AGC) stocks are comparable between models
and the extrapolation from field observations. This suggests that at this scale models and observations
present similar mean AGB (Figure IV.5), suggesting that AGC in the landscape is between 11,000 and
13,000 GgC (Figure IV .4 and Figure IV.5).
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Figure IV.4 Potential biomass (Mg ha™) and CV (%) distribution for GLM, NN and RT.
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Figure IV.5 Boxplots of different extrapolations for potential carbon stock in the
landscape. The total area used for the landscape is 215,687 ha and the carbon
content in wood is 47.25% (Chapter III).

I\VV.3.4 Spatial heterogeneity across the models

Major contrasts in the AGB estimates are at the local scale. The models showed
divergent magnitudes (Figure IV.6) in about 50% of the landscape when the mean estimates
were over the mean AGB recorded in the field. NN and RT models produced the most
similar spatial distribution of the AGB (r’=0.58, Figure IV.6). Main similarities across the
models were for AGB under 120 Mg ha™. The largest discrepancies were the result of the
limitations of NN and RT to make extrapolations over the upper calibration limit. In both
cases, when GLM predictions were over 250 Mg ha™', NN and RT predictions were highly
imprecise (grey shades in Figure 1V.6).
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Figure IV.6 The smoothed scatter plots present the correlation across models’
predictions. The colors represent the density observations for a certain pair of AGB
estimates. Grey light shades represent a couple of observations, changing into dark
grey, blue, orange, red and black for the highest density of observations around the
same value. The histograms represent the paired difference between models. The
blue line represents the normal distribution of such discrepancies, and the red
dotted line represents the mean difference.

The capability of GLM to identify areas prone to extreme AGB estimates is of great
importance at the local scale in contrast to the other models. GLM predictions at 400m’
resolution expose that the landscape can have as little as 52.2 Mg ha™', comparable to results
measured in the field. Moreover, it can reach values as high as 1,250 Mg ha™, typically as
the result of one or more very large trees, similar to another tropical ecosystem (Hansen et
al., 2015). However, when the resolution is up-scaled into a hectare, the minimum value
does not change significantly (67.6 Mg ha™). The AGB aggregation meant that high AGB
estimates were reduced to 450 Mg ha™', congruent to field observations and other tropical
ecosystems (Réjou-Méchain et al., 2015).

When the AGB estimates were contrasted against each other, the disparity across the
models presented diverse spatial patterns. GLM differences against NN and RT showed
corresponding trends along the various predictor variables. However, there were disparities
in how the variables can bias the AGB differences. The most influential variable to explain
such discrepancies is solar irradiance, followed by altitude, distance to streams and CTL

Aspect and probability of deciduousness did not bias the AGB divergence for any of the
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models (Annex 3, 4 and 5). Solar irradiance biased the AGB predictions: in places with
lower solar irradiance the GLM predictions were higher than NN or RT (<500 Wm™ in
contrast to NN and <450 Wm™ for RT). NN predicted higher AGB estimates than RT in
places with >520 Wm™, but RT produced higher AGB estimates in the range of 450-500
Wm™. Altitude was important to explain the contrast between GLM and NN, but not for RT.
The trend suggests that at higher altitudes, the discrepancies in AGB between GLM and NN
increase. Distance to streams and CTI is essential to explain the differences between GLM
and NN. The greater the values in either of both variables, the smaller would be the variation
in AGB estimates. In more protected terrains (high CTI values) or larger distances to the
streams, NN tended to produce bigger AGB estimates than GLM.

Finally, regarding the AGB spatial autocorrelation, GLM estimates had a pattern
analogous with those of the observations (Chapter III). For example, the spatial
autocorrelation for GLM revealed a range <850 m, while RT and NN showed larger ranges
(7.2 km and >20 km, respectively), with NN estimates producing the highest clustering
(Annex 6). For all models, the spatial dependence was estimated as moderate (0.5) nugget-

to-sill ratio.

V.4 Discussions

Multi-variable analysis revealed better capacity to explain potential AGB than
bivariate correlations, as seen in Chapter III. However, the spatial heterogeneity of potential
AGB are directly influenced by variables and model selection. MC analysis revealed that
influential predictor variables can over- or under-predict potential AGB. The sensitivity of
potential AGB towards some variables would have impacted on the spatial heterogeneity of
AGB. While variables selection could be solved by sensitivity analysis, models selection is
not straightforward. Models selection displayed contrasting performances depending on the
scale under analysis. Most of the models performed better than a null model and 4 out of the
7 tested models captured the mean AGB used during the calibration. Only one model was

capable of reproducing the spatial heterogeneity in higher spatial resolutions.

IV.4.1 Models’ performance

This study presented the proposition that GLM outperforms other models to reproduce
independent AGB estimates at contrasting spatial scales. GLM models had the capability to

reproduce the distribution of the observations, the spatial correlation and the range of
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observed AGB estimates. The CI developed from multiple iterations captured the high
variability of observed AGB estimates with low uncertainty for estimates under 300 Mg ha™,
which represents the major proportion of the landscape. There were some other models that
improved the predictions against a null model, apart from MaxEnt and GLMM which
performed worst. However, some characteristics appeared differently depending on the scale
of analysis. For example, for the mean AGB at a landscape level the models GLM, GAM,
NN and RT showed a close approximation. On a local scale, NN and RT were not reliable to
reproduce AGB estimates, mainly when the expected AGB was over the range used during
the calibration. This led to the underestimation of large AGB locations across the landscape.
Moreover, NN and RT AGB estimates were similar. GAM offered a good approximation to
predict AGB, and it is important not to underestimate its applicability when GLM performs
with low reliability. Consequently, answer to Q1 shows that while most of the models were
capable of reproducing mean estimates at the landscape scale, others (MaxEnt and GLMM)
were not.

Learning machines like NN and RF predict accurately the AGB estimates used during
the calibration. Particularly for NN, the optimization produced a great predictability level for
calibration values, but they misled for independent samples. These models were capable of
selecting the best explicative variables. However, the interpretation of the multi-variable
inter-relationship and how they connect to AGB is complex and not straightforward (Saatchi
et al., 2007). Possibly NN and RF could improve their prediction level by allowing the
selection across a larger set of predictor variables and a larger data set of observations.
However, in this study for comparison purposes and to build a parsimonious model, it was
decided to use the minimum number and the same variables for all the models. Further
studies could explore the impact of a free variable selection and the use of a larger set of
observations to reproduce AGB observations.

Other authors had suggested that RF outperforms the RT (Breiman, 2001; Baccini,
2008) and had demonstrated the applicability of using it for AGB predictions (Baccini,
2008). However, in those studies it is not clear to what extent the predictability level
improves against independent data, limited observations and with limited predictor variables,
in agreement with Saatchi et al., (2007). While RF is a great tool for making predictions,
there are still some insights needed to make it the first choice for AGB prediction with data
limitation, as has been faced in this study.

According to Saatchi et al., (2011b) in all cases, MaxEnt outperformed other methods
in modelling the spatial distribution of AGB and in providing significantly better accuracy

compared with an independent dataset. However, they reported that at least 100 observations
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were necessary to build each class of AGB. Felicisimo et al.,(2013) found that MaxEnt
predictions matched MLR, MARS and RT with a limited number of observations (N=90);
they did use a higher number of explicative variables (N=20). In this research, as for many
others who would like to reproduce potential AGB from the mature forest, the lack of field
observations and predictor variables are a decisive constraint. In this study each class did not
have more than six observations. Which in any case will limit the applicability of MaxEnt to
test the reliability of AGB prediction.

Moreover, in this study other sources of limitations of MaxEnt and Random Forest
could be related to their poor performance: (1) the scale of analysis is much finer than any
other studies before. This finer scale may have great impact on spatial variability of
biophysical properties, reducing the large variability that can be reported from sub-national
to global studies. (2) The landscape under study is represented by only one ecosystem. With
this approximation the variability of AGB estimates is reduced, and so in turn the various
classes built to run the model in MaxEnt are likewise limited. This stands in contrast to other
studies where other ecosystems featuring contrasting mean AGBs were the subject (Baccini,
2008; Saatchi et al., 2011b). (3) Another factor that limited the applicability of these models
was the use of only mature forest, and by not taking into consideration different degradation
processes; as a consequence, the range of AGB was constrained. All of these elements may
have had significant effects on MaxEnt and Random Forest models, and possibly on NN,
impeding their ability to identify the signals that correlate multiple biophysical variables and
AGB. These could also explain why the results in MaxEnt and RF models had little
variability and why most of them fell around the mean AGB of the landscape. While the
predictions done by RF and NN during the calibration were comparable, the applicability to
extrapolate over a wider region was limited, with high uncertainty attached to their
predictions. This performance has impact on the spatial heterogeneity of potential AGB,
resulting in more homogeneous landscapes which may mislead studies of carbon stocks.

In light of the present findings, it can be said that there are some other models that
could play important roles in predicting AGB but there is a need to test them. For example,
Yang et al.,(2012) found that the geographically weighted regression performed better than
ordinary least squares when predicting spatially a disease. However, others (Czarnota et al.,
2015) have suggested that this model has a great impact on collinearity effects, including
reversal paradox, which plays a crucial role in reducing its applicability. Also, other authors
have suggested that multi-variate adaptative regression splines (MARS) could be another
useful tool (Lu et al., 2012). However, other authors (Leathwick et al., 2006; Austin, 2007)
suggested that it produced almost identical predictions to GAM and did not improve
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significantly on the multiple linear regressions (MLR) or other models such as RT and NN
(Moisen and Frescino, 2002). In any case, what can be seen is that contrasting modelling
approaches were tested, and there is not full agreement whether one model performs better
than another. However, most of the studies agree that MLR, in this study GLM, is an
important tool to keep using to explore geographical relationships. Moreover, further new
models should be analyzed in the light of the level of improvement against an MLR, such as
computational speed, user-friendliness, and transparency of fitted relations. Based on what
was presented before, the Q2 is answered. And thus, more complex algorithms were affected
by data limitations in observations, meaning simpler models are more robust for
reconstructing potential AGB. Not all the models have the same capability to reproduce the
mean estimates at landscape scales. However, it is not entirely clear to what extent lack of
reliability is the result of the limitation of observations or because the landscape is
constrained into only one ecosystem. Finally, there are some other groups of models that
simulate the steady state of carbon stocks from dynamic ecosystem models. Those models
are built on a contrasting platform and are dynamically constrained. Moreover, they use
different predictor variables. Because of that, it could be a good opportunity to contrast these
approaches in order diagnose strengths and weaknesses across differences in predicting AGB

estimates (Cramer et al., 2001; Moorcroft et al., 2001; Friend et al., 2014).

IVV.4.2 Accuracy on AGB reconstruction

The models were capable of estimating mean AGB over large areas with precision and
accuracy. However, at a local scale, the models have divergent performances not only in the
allocation of the AGB estimates, but also in their range of values (low precision). These have
led to changes in the AGB, estimation across the landscape. The uncertainty in the
predictions was contrastingly wide across the models. GLM minimized uncertainty in the
predictions, while RT and NN were more uncertain. The precision and the accuracy of
modelled AGB by GLM had divergent performances. There is smaller uncertainty in the
prediction for low AGB,, estimates and when the mean predictions were close to the
observations. Higher uncertainties were related mainly when the mean predictions failed to
be close to the observations. On the contrary, though NN and RT mean differences between
predictions were smaller, the total mean residuals were reduced by estimating a mean AGB,
at the observations level, rather than by getting a closer approximation to each observation.
Also, the uncertainty in the NN and RT predictions was consistently wider than GLM. By

multi-model integration, it was possible to comprehend that the main discrepancies in the

67



allocation of AGB,, predictions were related to the poor execution in reproducing the
observations, and the bias along biophysical properties. Models revealed that some variables
impacted more than others to over- or under-predict AGB,,,; with impact on its uncertainty.
In some cases spatial anomalies along the models were of great concern, coincident with
other observations (Houghton et al., 2001; Saatchi et al., 2007, Ometto et al., 2015).
Consequently we can conclude to Q3 that the uncertainty in the models is induced by the
bias that various predictor variables promote in the models which make those models fail in
the reproducibility of observations. These processes are crucial to understand the
achievement of the models and to re-direct future efforts to reduce such bias with object
direct sampling collection, which will depend on more accurate prediction of AGB estimates
and with better spatial representation.

A reconstruction of spatial AGB,, patterns was possible only by using GLM. This
results can be understood on the basis that this model produced the closest estimations to real
AGB at contrasting scales, similar distribution and spatial autocorrelation. Moreover, the
GLM model was capable of predicting areas with very large AGB estimates at a very fine
resolution. Some may argue that very large AGB estimates (>1,000 Mg ha™) are an error in
the model. However, when the pixel was up-scaled, the maximum AGB estimates fell under
expected ranges, suggesting that those fine resolution pixels are the most promising places to
have larger trees (Hansen et al., 2015; Réjou-Méchain et al., 2015). There is a need to set
field campaigns to visit those sites and evaluate the performance of the model in predicting
very large AGB estimates, or a selective bias in over-estimation AGB induced by a
biophysical property. In any case, it is of great concern to describe the benefit of using this
type of model, or to understand the lack of accuracy in very high AGB estimates. Based on
what was presented it is possible to answer Q4. Accordingly, models selection has impact on
the spatial heterogeneity of the potential AGB. In this study, only GLM was capable of
reproducing such patterns over contrasting spatial scales. However, it is more common to
find models capable of capturing the mean AGB at the landscape scale with better
performance than a null model, with reduced bias and RMSE, but failing to capture AGB’s
true spatial heterogeneity. As a result, the models perform differently over different spatial
scales. Therefore, testing models is recommended for the spatial representation of potential

or current AGB estimates at fine scales.
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IV.4.3 Models’ applicability

The applicability and extrapolation of the methodology is feasible to implement in
other regions. This study demonstrates that it is possible to reconstruct the spatial
heterogeneity of the potential AGB with widely available biophysical variables, in contrast
to other studies that tend to use information that normally is unknown in such as basal area,
community tree density, species composition or soil properties (Slik et al., 2010; Ruiz-Jaen
and Potvin, 2011).

The estimation of spatial heterogeneity of potential AGB in the landscape is of
importance when measuring carbon emissions and ecological dynamics. They serve as a
baseline for determining loss or gain for biomass (Slik et al., 2010). The spatial variation of
potential AGB will help in a better assessment and understanding of impacts of deforestation
and forest degradation in carbon emissions and climate change as well as biological niches
for biodiversity or food supply for diverse species. It would be the basis for building
informed decisions when restoring or managing an ecosystem and to prioritize areas for
implementing REDD+ projects. It can guide and describe rare elements in the landscape
which in most studies tend to be avoided or minimized by changing the sampling design.

This would turn into the major role in landscape ecology and population analysis.

IV.5 Conclusions

This is the first study to test the performance of different techniques in estimating the
spatial heterogeneity of potential AGB from field observations and biophysical variables on
contrasting scales; also in simulating potential AGB estimates with high resolution over a
broad region. These types of study are necessary to make net estimates of carbon emissions
due to deforestation and forest degradation. Moreover, they can help in reducing the
uncertainty of spatial variation of carbon stocks, and in the understanding of ecological
constraints on carbon stocks as well as other ecological processes.

Models selection and climatic variables play an important role to drive contrasting
differences in AGB allocation and magnitude. At regional scales GLM, GAM, NN and RT
had comparable performance in reconstructing potential mean estimates. The estimates were
tested by various means to ensure their reliability and their uncertainty. A simpler model like
GLM not only outperformed others in predicting and allocating AGB, and reproducing
similar spatial patterns as the observations, but also it showed other great advantages. These
included transparency of fitted relationships, efficiency in computational speed and the

possibility of building automated models. GLM should be used even when other ranges of
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techniques are tested. By doing this, the results will provide large insights into both the
relative strengths of new models, and the weakness of GLM. Because it remains to be seen
whether new algorithms (support vector machines, multi-variate adaptative regression
splines, spatial simultaneous autoregressive models) can produce improvements in the
predictions with transparency and computational efficiency. With these in mind the reader
will be able to trade-off flexibility, simplification in the model and reliability of predictions
coming from simpler models such as GLM, NN and RT, against more complex newer
algorithms that often do not have a proper evaluation of their applicability on AGB estimates
or spatial studies, despite recent publications tending to bias the perception of their

application.
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Chapter V. Driving forces of net carbon losses in a tropical

dry forest, Oaxaca, México

V.1 Abstract

The Tropical Dry Forest is not only one of the most important tropical ecosystems in terms
of area, but is also one of the most degraded ecosystems. Little is known about the impacts
on carbon stocks, therefore carbon emissions. There are different studies which explain
deforestation dynamics, but there is still a lack of understanding of how they correlate to
carbon losses. Recently different authors have built current biomass maps for the tropics and
México. However, it is not clear how well they predict at the local scale, and how they can
be used to estimate carbon emissions. This chapter evaluates the performance of different
maps in representing the biomass spatial heterogeneity, and integrates different socio-
ecological variables to understand the bias in their predictions. The results shows that there
are important differences in the current biomass maps without a clear consensus. However, a
general pattern of biomass distribution can be inferred and the forces driving carbon
emissions can be identified. Finally, it is possible to estimate the net carbon emissions due to
deforestation and forest degradation. This study estimated that currently ~44% of the
potential carbon stock estimated for the region is still present. A total of 6,764 GgC has been
emitted due to deforestation and degradation of the forest. Most carbon losses were
identified in places suitable for agriculture, close to rural areas and to roads. The lowest
losses were found in places with high water stress and within the boundaries of the National
Protected Area. Moreover, places not suitable for agriculture, but close to the coast showed

carbon losses as a result of urban settlements.

V.2 Introduction

TDF is now recognized to be of great conservation importance due to high
deforestation rates (Trejo and Dirzo, 2000; Maass et al., 2005; Dirzo et al., 2011) and the
high risk of release of its existing carbon as a result of LUCC (Skutsch et al., 2009). This
forest is considered one of the most endangered (Janzen, 1986; Janzen, 1998), but one of the
least studied ecosystems in the tropics (Dirzo et al., 2011). For example, in Mexico TDF has
shrunk from its natural primary forested area to a remaining proportion of 25-36%, giving

place to secondary forest (Rzedowski, 1998; Portillo-Quintero and Sanchez-Azofeifa, 2010;
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Dirzo et al., 2011). In Mexico TDF is mainly transformed into grassland for cattle raising,
shifting cultivation for self consumption and, in a less significant proportion, to irrigated
agriculture (Maass, 1995; Noble and Dirzo, 1997; Janzen, 1998; Trejo and Dirzo, 2000;
Corona, 2012). However, fuel wood extraction may represent the most important carbon
emission source (Gaston et al., 1998).

In recent years different authors (Baccini, 2008; Goetz et al., 2009; Mitchard et al.,
2011; Baccini et al., 2012b; Mitchard et al., 2013; Cartus et al., 2014; Avitabile et al., 2016;
Rodriguez-Veiga, 2016) have worked on developing tools for understanding, validating
and/or measuring current AGB estimates over pan-tropical regions. Despite their validations,
there is no independent validation of these maps at the scale of their applicability and
currently there is still high uncertainty across these predictions, and it is unknown to what
extent they can be used for better decision making at regional scales (Saatchi et al., 2007).
Therefore, the total carbon forest losses due to anthropogenic actions by deforestation and
forest degradation processes is unknown.

LUCKC is considered the main driving force leading to environmental degradation, land
fragmentation, loss of global biodiversity (Lambin et al., 2001) and carbon emissions at local
scales (Corona, 2012). However, local drivers such as demographic and biophysical factors
play a major role in explaining spatial patterns of LUCC across the landscape (Biirgi et al.,
2004; Pan et al., 2004). Analysis of local deforestation should ideally focus on the forest
ecosystem and its uses, the landscape dynamics and the local demographic, cultural, social,
economical and political characteristics that drive deforestation (McConnell et al., 2004).
Therefore, the systems have to be evaluated under a socio-ecological perspective (Lambin
and Meyfroidt, 2010). To understand forest carbon losses due to deforestation and forest
degradation, models should look into these drivers as important sources of information to
explain current AGB estimates and their potential to produce more reliable local AGB
estimates. To improve accuracy in predictions on current AGB maps, it is necessary to
understand the socio-ecological constraints that drive the spatial distribution of AGB.
Because of that the main objective of this chapter is to address the question: how much AGB
has been lost in a tropical deciduous forest and what are the main drivers of such losses? To
be able to answer this question I set different questions:

Q1. Do the different maps show similar total AGB estimates at landscape scales?

Q2. Does ground truth highly heterogeneous AGB sites, promote that the diverse AGB

prediction models show differences in their AGB estimates?

Q3. Are the ground truth low AGB estimates related to anthropogenic drivers,

particularly to agricultural activities, rather than biophysical factors?
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V.3 Results

V.3.1 Current biomass estimates and uncertainties among the
maps

The 95% CI range of each different AGB map encompasses the range of the field
observations (Figure V.1). However, none of the maps (N=5) showed significantly similar
mean estimates to the field observations (N=47) (t-test on paired samples and Wilcoxon
rank-sum test, p-value <0.005). The Baccini and Saatchi maps showed a higher mean
estimate than the field observations, while all other maps showed a lower mean estimate (p-
value <0.001). Comparison of the median AGB between the maps also showed significant
differences at the 5% level (See notches on Figure V.1). However, Saatchi’s is the only map
that produced the median closest to field observations. The map with the lowest mean
estimates is Avitabile (2016) followed by Cartus (Figure V.1). Aggregating all the input
maps (AGB,ps) produced a mean AGB estimate at the landscape scale of 59.6 + 18.4 Mg ha
!, ranging between 15-125 Mg ha™' (Figure V.2a). Mean AGB ,ps showed similar distribution
at pixel (N=43) and landscape scale (N=1,764) than the field observations (N=43) (p-
value=0.07 and p-value=0.59, t-test on paired samples and Wilcoxon rank-sum test,
respectively). Higher estimates are constrained mainly in the northern boundary, while the
lowest estimates are constrained in the southwestern section of the landscape.

The variability across the input maps showed a mean CV s 0f 57.8 = 17.8%, with a
maximum figure of 138.7% and minimum of 13.2% (Figure V.2b). Comparing CV s to the
CV measured from the AGB field observations showed a weak correlation at finer scales (r
=-0.11, p-value=0.009). However, CV s was shown to be significantly correlated (p-value
<0.002) with different biophysical variables. For example, CVy,, showed a positive
correlation with: potential AGB (r = 0.10), AGB loss (r = 0.20), altitude (r = 0.23) and total
precipitation (r = 0.25); and Precipitation of Driest Quarter (r = 0.26). In contrast, CV s
showed a negative correlation with: temperature (maximum temperature during rainy season
(r =-0.19); mean temperature (r = -0.19); Isothermality (r = -0.23) and less importantly to
distance to agriculture fields (r =-0.08) (Figure V.3).
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Figure V.1 Boxplots for potential and current AGB estimates produced by different
maps at the landscape scale. Notches highlight the median estimate from each
map. Acronyms are: Pot - potential AGB; Obs - Field AGB scaled into 1km? with at
least 3 observations within the pixel; AGBm - Mean AGB of the different AGB maps;
Rod-Vei - Rodriguez-Veiga map; Bacc — Baccini map; Saat — Saatchi map; and
Avita — Avitabile map.

From a multivariable perspective it is possible to identify that 32% of the landscape
showed a mean CV s of 60% distributed in regions with a total precipitation >975 mm.
Moreover, 51% of the landscape showed a mean CV s of 49% in places with reduced
precipitation (<975 mm), with a maximum temperature during rainy season <35°C and
altitudes under 270 m asl. The highest mean CV ., 0f 71% is identified in about 2% of the
landscape where total precipitation is under 975 mm, maximum temperature during rainy
season is >35°C and there are AGB losses of 70%. Finally, 1% of the landscape showed the
lowest mean CV s 0f 39% located in places at lower altitudes (<10 m asl) with limited

precipitation and high maximum temperatures during rainy season.
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Figure V.2 Current mean AGB (Mg ha™) and CVps (%) estimates across different
input maps.

V.3.2 Landscape biomass losses and their spatial distribution

The landscape has an AGB, of 25,578 Gg with a total AGB, of 56% (6,764 GgC).
However, the maps showed differences in their predictions. The Saatchi and Baccini maps
showed the most conservative losses of ~8,000 Gg AGB lost. The Cartus and Rodriguez-
Veiga maps fell in the mid range at ~17,500 Gg AGB lost. The Avitabile map suggested
losses that exceed 20,000 Gg AGB (Figure V.4 and Table V.1). The mean AGB,,s was
restricted between 0-400 Mg ha™', with the majority concentrated between 20-100 Mg ha™.
By the epoch 2006 about 22% of the landscape was transformed into an anthropogenic land-
cover representing a total AGBg.r of 5,464 Gg (38.2% of the total losses)
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Regarding the current AGB distribution reported by the models for the different
municipalities under study, in Table V.1 shows that all the models share similar trends in the
AGB ranking. The municipalities with the highest AGB losses are San Pedro Pochutla and
San Miguel del Puerto. Interestingly, the latter also showed the highest AGBpot
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Figure V.3 Spatial explanatory variables that correlate with CV(%) across the maps.
Colours represent the number of observations for a certain pair of CVyaps and
predictor variable. Light grey shades represent a pair of observations, changing into
dark grey, blue, orange, red and black for the highest density of observations around
the same value (N=1,764).
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Figure V.4 Total and relative AGB,,ss at a landscape scale (potential minus current
estimates). Acronyms are : Rod-Vei - Rodriguez-Veiga map; Bacc — Baccini map;
Saat — Saatchi map; and Avita — Avitabile map.

Table V.1 Total and relative AGB,,ss at a landscape scale (potential minus current
estimates), mean AGB (potential and current) and mean loss in percentage per
municipality. Acronyms are : Rod-Vei - Rodriguez-Veiga map; Bacc — Baccini map;
Saat — Saatchi map; and Avita — Avitabile map. The total area under study is
215,687 ha.

Gg Mean AGB per Municipalities (Mg ha™)
Maps Total | Santa Maria Santa San Miguel  San Pedro Santa
AGB Huatulco Maria del Puerto Pochutla Maria
loss Colotepec Tonameca
Potential 25,578 | 115.6+/-26.0 113.4+/-21.4 140.0+/-32.4 111.1+/-21.6 105.8+/-22.4
Cartus 17,847 41.5+/-9.3 33.6+/-12.8 44.7+/-8.9 39.2+/-9.3 32.6+/-12.4
Rodriguez- | 17,260 | 54.4+/-24.8  32.5+/-19.8  47.1+/-15.8  42.5+/-23.0  39.9+/-26.7
Veiga
Baccini 8,322 94.7+/-25.0 84.7+/-27.4 111.0+/-28.1 100.2+/-25.6  83.5+/-24.4
Saatchi 7,912 92.7+/-53.0 64.8+/-46.1 126.7+/-48.3 73.3+/-44.2  47.9+/-26.0
Avitabile | 20,155 | 27.2+/-11.4  25.7+/-11.0  34.1+/-14.0 29.8+/-13.5 24.4+/-10.8
Mean 89.6+/-23.4  88.5+/-19.9 106.5+/-30.7 82.0+/-20.6  81.3+/-19.0
Mean loss | 14,299 22.5% 22.0% 23.9% 26.2% 23.2%
+/-
7,399

Above ground carbon (AGC) losses are not evenly distributed in the landscape and

show spatial patterns (Figure V.5). The main factors that explain forest carbon losses are
related to socio-economic drivers (Figure V.6a) and less importantly, climatic and
topographic variables (Figure V.6b). In both cases, the regression tree explains over 31% of
the variance of the estimated carbon losses, respectively. Mean AGB losses of 65% were
identified in regions close to agricultural fields (<100 m), paved roads (<1,700 m) and
human settlements (<1,350 m). In places >100 m from agricultural fields, close to dirt roads

(<600 m), and close to human settlements (<1,000 m) the AGC loss averaged 61%. Minor
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losses (~35%) are found in sites >770 m from agricultural fields and >600m from dirt roads.
However, places that fall between the range of 100-770 m from agricultural fields have a
mean loss of 32% and up to 39% when the same sites are close to human settlements (<500
m). Interestingly socio-economic drivers performed differently in regions with water stress
(Figure V.6b). For example, low AGC losses (31%) were identified in regions close to
agricultural fields (<250 m) with limited precipitation during driest quarter (<11 mm) and
isothermality <82.5%. In contrast, higher mean AGC losses (65%) were observed in areas
close to agricultural fields (<100 m), with a maximum temperature during rainy season of
35°C and <900 m to paved roads. Places with distances >100 m from agricultural fields,
isothermality >82%, close to paved roads (<1,000 m) and at lower altitudes (<25 m asl)
showed an AGC loss of 65%. However, under similar allocations with mean diurnal range<

14°C reduced AGC loss was reduced to 35%.
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Figure V.5 Spatial distribution of mean AGC losses in percentage (deforestation
and degradation)
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Figure V.6 Regression trees for socio-economic and biophysical spatial patterns of
AGC losses (%). (A) includes socio-economic drivers and (B) includes socio-
economic drivers in addition to topographical and climatic variables. The regression
tree A explains 31% of the variance, while B explains 33%, both in contrast to the
estimated AGC losses (Figure V.5).

The maps in Figure V.7 present variation in AGC losses from Figure V.5 and those
estimated from Figure V.6. In both models (with and without biophysical variables from
Figure V.6) ~50% of the landscape showed discrepancies under 10%. Differences up to 20%
between models can be seen in 78% and 83% of the landscape for the model only socio-
economic variables, and socio-economic and biophysical variables, respectively. Medium
variations (20-50%) were observed in areas with anthropogenic covers. And major variations
(>50%) are distributed without a clear patterns. The regression tree models overestimated
AGC losses in anthropogenic covers, this is because factors such as green belts, urban parks
and the use of green buffers in agricultural areas are not properly represented in the

regression tree model.
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Figure V.7 Residuals estimated from the regression tree of AGC losses. Figure A
shows the residuals for the model derived from socio-economic factors. Figure B
presents the residuals of the socio-economic and biophysical model. Figures C and
D show the histogram of the residuals for model A and B, respectively.

V.4 Discussion

V.4.1 Map performance in estimating current AGB

Field observations and maps fall within the expected range of AGB estimates for TDF

in Mexico and Central America (Brown et al., 1989; Brown and Lugo, 1990; Holly et al.,

2007; Becknell et al., 2012). The AGB estimates for the landscape suggests a degraded

forest. However, the range of values observed suggests a mature forest matrix among

secondary forest and anthropogenic cover. For example, this region included estimates over

the 210 Mg ha" (field observations, Baccini and Saatchi maps) maximum reported by

Powers et al., (2009). Interestingly, while it is known that a larger pixel size reduces the

range of AGB values due to spatial averaging and the exclusion of very high AGB values, in

this study it was possible to identify that the input maps with higher spatial resolution
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showed the lowest estimated AGB range, which suggests that signal saturation may have
resulted in an underestimation of AGB.

By integrating multiple input maps and comparing estimates to potential biomass total
carbon emissions due to deforestation and forest degradation can be monitored. There are,
however, important differences among the maps, as a result of total AGB losses, which
suggests that results are not yet accurate enough to give exact values. For example, at the
extreme, total AGB loss can differ by>100% (Avitabile and Saatchi maps). Nevertheless,
these results allow a general picture of potentially how much AGB has been lost overtime,
and set a benchmark for landscape management. This means that a multi-map comparison
should not be used in isolation to quantify carbon emissions at a fine scale, but can be used
for coarse scale monitoring, in particular to detect deforestation and/or forest degradation,
similar to the results reported by Mitchard et al., (2013) and Rodriguez-Veiga et al., (2016).
Based on these results, the answer to Q1 is that at the landscape scale these maps are not
capable of reproducing AGB estimates but they can give a broad idea of how much AGB has
been lost. Nevertheless, a multi model agreement performed better than any of the other
maps and statically similar to field observations.

The maximum predicted values of AGB among the maps are also different: all of them
are lower than the mean estimate for mature forest (~400 Mg ha™') although the cause
remains unclear. All the models used to build the maps included different combination of
remote sensing layers and all included altitude from SRTM. For example, the Saatchi map
showed the highest AGB predictions per unit of area (~280 Mg ha™"), followed by Baccini
(~225 Mg ha). Rodriguez-Veiga produced a maximum prediction of ~150 Mg ha™ while
the Cartus and Avitabile maps reached up to ~100 Mg ha"'. Model selection (MaxEnt vs
RandomForest) did not show any pattern that could explain why models over-/under-
estimated AGB.

Though Cartus and Rodriguez-Veiga, and Avitabile used the NFI from Mexico to
calibrate the models and build the AGB maps, they showed different saturation of AGB
estimates. This could be the result of using a combination of different remote sensing layers.
This suggests that for other regions of Mexico the saturation point of these maps may differ,
similar to observations from other regions and vegetation covers (Le Toan et al., 2004;
Mitchard et al., 2009; Mutanga et al., 2012). According to Cartus (2014) their map of AGB
for Mexico showed a tendency towards overestimation for those areas with the lowest AGB
(<100 Mg ha™). Conversely, at higher AGB predictions the map showed a tendency towards
underestimation, similar to the Avitabile map. This suggests that the input maps for this

region significantly underestimate AGB, which can explain much of the difference when
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comparing extreme total AGB estimates across the input maps. Moreover, Cartus (2014)
showed that their map predicted the AGB of TDF better in contrast to other ecosystems,
nevertheless, the performance for this region was limited. It is important to consider that
their model only included trees with a DBH of >7.5 which suggests an under estimation of
~15% of the total AGB (Chapter IV). Finally, to build the Avitabile map the Cartus map was
used in combination with the data from 4,296 field plots as the ‘true’ ground AGB estimates,
where possibly high-biomass estimates were under- represented in the training data
(Avitabile, pers. comm). This may explain why this map showed similar estimates to Cartus
map and produced the lowest total AGB estimates.

The CVipaps showed that at the landscape scale the AGB maps compare reasonably
well to the figure reported for Mexico and Central America (Avitabile et al., 2016).
Nevertheless, locally CV,,,s showed some local trends, suggesting that CV s are spatially
clustered. It was found that CV s related weakly to CV from local field AGB estimates, but
did relate to biophysical variables. This is important to notice because it may be possible to
make future adjustments and reduce such variability enabling more accurate AGB
predictions to be made. Interestingly CV s tended to produce higher figures in places where
AGB,ss was estimated, similar to the results from Avitabile (2016). However, the relation
with AGB,,,; was reduced. This suggests that maps tend to have greater disagreement in AGB
reduction regardless of the AGB,, at certain locations. Moreover, although at global and
sub-regional scales tropical forest is known to be correlated with climatic variables (Brown
and Lugo, 1982; Larjavaara and Muller-Landau, 2012; Girardin et al., 2014) (and Chaper
IV) none of the maps included such information, and only the Baccini map considered land
surface temperature which could act as a proxy for solar irradiation and/or mean
temperature. This may explain why CV s showed the strongest correlation with climatic
variables. Altitude also showed an important correlation to CV s, this could be related with
the remote sensing saturation point and how different maps calculated the AGB estimates.
This is mostly evident at higher altitudes where more AGB tends to be located (Chapter IV
and V). Also, it could be the result that the altitude map used in this study has a much finer
resolution, which may perform better in capturing small altitudinal changes, which may be
more representative over broader scales. Finally, socio-economic variables did not show a
relation with CVp,,, which may suggest that a general pattern of human disturbance was
captured by the maps. Based on these findings we concluded (Q2) that major differences
across the current AGB maps are not the result of the high heterogeneity of AGB across

sites. Differences in maps are likely the result of how the different models predict AGB and
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how they overcome the saturation point, mainly as a result of the lack of predictor variables

such as temperature and precipitation.

V.42 Total aboveground carbon emissions due to

deforestation and degradation
While Corona (2012) and Mendoza (2015) found that in this region the proximate

drivers of deforestation are grassland for cattle raising, agriculture and urban developments,
it was unknown how much of the AGB has been lost as a result of the LUCC and forest
degradation. This study estimated that currently ~ 44% of the potential carbon estimated for
the region (5,335 GgC) is still present which suggests a degraded forest (Asner et al., 2010).
This is similar to the proportion of the landscape that has intact forest with no LUCC
processes recorded for the period 1985-2006 and only minor modifications between 1995-
2006 (Corona, 2012). The input maps do not differ importantly in the epoch they represent
and little differences across the maps are expected as a result of LUCC, less than 2.3% in a
period of 5 years (2006-2011) (PSIG, 2015). Therefore, differences in current AGB maps
cannot be regarded the epoch they represent. And their AGB estimations could be considered
as they represent the same epoch. However, the main source of uncertainty can be related to
forest degradation, which no other study had evaluated, and there is not enough information
to understand this process fully.

The input maps fall within the field observation range, however, there is not a clear
consensus among them, this explains why the mean CV s in the landscape is 58%. For
example, Mitchard et al., (2013) found that the Baccini and Saatchi maps produced similar
AGB estimates over larger areas, similar to the results observed in this study. However, from
all the maps tested the Baccini and Saatchi maps produced the highest AGB estimates for the
landscape, including the mean field observations. Cartus and Avitabile produced similar
results and fell within the lowest estimates. While the Rodriguez-Veiga map displayed
estimates in the middle range of these two groups of estimates. When the information is
analysis at municipality level all the models showed contrasting mean AGB estimates, and
only the ranking of the AGB is comparable across the models. Finally, while all the input
maps had a validation process and all showed a fairly good performance, in this study at the
landscape scale, it is not clear which of all of these maps, if any, accurately predicts AGB.

Different studies have reported differences across the AGB maps which may drive
significant impacts on total AGB carbon. Avitabile et al., (2016) suggest that the Baccini and
Saatchi maps produced an over estimation in AGB, similar to that reported for other regions

(Mitchard et al., 2011; Baccini and Asner, 2013; Mitchard et al., 2013). However, based on
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our findings it is difficult to identify to what extent the Baccini and Saatchi maps over
estimate AGB. This is mainly because Avitabile and Cartus tend to suggest much lower
AGB estimates than those observed in the field, as well as the inherent errors in the models
such as considering trees >7.5 cm in DBH and by excluding plots with high AGB estimates
from the analysis. According to Avitabile et al., (2016) their map predicted 9-18% lower
than the Saatchi and Baccini estimates with much lower figures in Central America and
Mexico, and in dry vegetation. However, in this study it was possible to notice that such
differences are significantly much higher than their findings. According to field
measurements and the expert knowledge this could mean at least a 30% under estimation of
AGB at lower altitudes and more than 100% for higher altitudes. At the landscape scale this
could represent ~50% of total AGB. If the two extreme input maps are not taken into account
(Avitabile and Saatchi) it can be suggested that the current AGC for the landscape would fall
in between a minimum of 3,657 (Cartus et al., 2014) and a maximum of 8,162 GgC (Baccini
etal., 2012b).

Skutsch (2009) suggested that dry forest carbon emissions are important because of
continued carbon losses although their carbon content is considerably lower per hectare than
other tropical forests. In the landscape under study a total of 6,764 GgC has been emitted due
to deforestation and degradation of the forest. Because of the scale of analysis (1 km?),
emissions from deforestation and degradation cannot be quantified individually and both are
masked as disturbance. However, based on others ~67% of the total carbon emissions can be
regarded as being due to forest degradation (Gaston et al., 1998; Ryan et al., 2012) under
similar land use management as the landscape in this study. However, more research at finer
scales is needed in order to estimate the amount of carbon that has been released due to
forest degradation and to understand the factors that drive such activities. This will lead to

better forest management for climate change mitigation action plans.

V.4.3 Patterns and processes of carbon emissions

Forest AGC loss is not evenly distributed in the landscape and is related mainly to
socio-economic pressures. Ryan et al., (2012) found that AGB loss in a region in Africa is
primarily the result of clearance for small-scale agriculture and charcoal production by
selective removal of medium size stems. Corona (2012) and Ryan et al., (2012) found that
cleared areas are the result of small expansions in the boundaries of already cleared land,

similar processes observed for AGB losses. Ryan et al., (2012) hypothesized that woodland
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clearances would target high biomass areas, however, in this study we did not find evidence
to suggest such a process. This is because the labor required to remove forest or extract wood
in high AGB areas is much more time consuming and the return rate per hour is much
smaller because access to those areas would require a much higher effort in terms of fuel
wood transportation. This is supported by the results and where higher AGB losses happen
closer to current agricultural lands, human settlements and roads, rather that AGB gains.

Climatic variables and altitude were significant variables to explain the spatial
variability of AGC reductions, however, they act as underlying explanatory variables of
LUCC processes. For example, places with high water stress are less suitable for agriculture,
as a result less AGC was lost. In contrast, accessible regions and those climatically suitable
for agriculture showed the highest transformations in AGC. Interestingly, at lower altitudes
(close to the coast) places limited for agricultural activities but close to urban establishments
and paved roads showed high AGC reductions, this can be understood as a result of urban
expansion and establishment of tourist resorts along the coast (Corona, 2012). Finally,
regions isolated from human land cover change within the boundaries of the National
Protected Area have shown a reduced pressure on forest, similar to observations made by
Corona (2012), Mendoza (2015) and Corona et al., (2016).

Forest degradation processes are difficult to measure at the spatial resolution of this
study, however, it can be argued that degradation happens close to dirt roads, human
settlements and agricultural fields. According to Corona (2012) and Corona et al., (2016) the
process of shifting cultivation in the region takes place up to 4 km from the previous
agriculture plot, suggesting within this spatial range the population may play an important
role for forest degradation. Where sites closer to rural settlements are preferable for shifting
cultivation (<1 km) and cattle raising (<3 km), similar ranges identified in this study for
carbon losses. Finally, it is important to notice that topographical variables such as slope,
aspect, distance to river, terrain curvature, compound topographic index and solar irradiation
did not play any role in the understanding of AGC reductions. Based on the findings of this
chapter, it is possible to say for Q3 that anthropogenic drivers (agricultural activities) play
the major role in predicting low AGC due to deforestation and forest degradation. However,
it is important to note that there are some other drivers such as urban expansion, that
colonized sites that are not suitable for agriculture and play an important role in explaining
low AGB estimates. Moreover, biophysical factors played and underplaying role to drive the
deforestation dynamics, rather that influencing current low AGB estimates. My results shows

that while more research is needed to understand the impacts of error propagation among the
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models, I consider that the allocation and drivers of carbon emissions will not change

significantly.

V.5 Conclusion

This is the first study to attempt to understand the spatial differences in AGB estimates
across the different current AGB maps at the landscape scale. In addition this study explores
the total carbon emissions due to disturbances and processes that have lead to AGB losses.
This study shows that there are important differences in the current AGB maps, that there is
not a clear consensus among them and that their AGB can be under or overestimated, with
no clear evidence to suggest which is more reliable for local land management or decision
making. However, this could be solved by taking into consideration the understanding of the
socio-ecological systems and using it in the models with a bottom-up perspective. This study
showed that climatic variables play a major role in the spatial bias across the different maps,
and the socio-economic variables played an important role in explaining AGB losses. So it is
possible that high CV measurements and AGB map biases can be reduced when taking into
consideration such regional conditions. By including socio-economic variables and not only
relying on remote sensing information, the models that predict current AGB can be improved
significantly and the impact of remote sensing signal saturation can be minimized. As a
result, maps that are built from the bottom-up may have more explicative power to reproduce
current field based AGB estimates, inform where the landscape has been severely degraded
or identify promising places for carbon conservation, among other uses. Moreover, these
types of maps will be capable of dealing with the high uncertainty in current AGB maps and
they will be capable of capturing the high AGB spatial heterogeneity, characteristic of
tropical dry ecosystems. Finally, carbon emissions due to disturbance are expected to
increase in the coming years. The role of population in driving deforestation is complex, and
characterized by spatial and temporal impacts. The growing rural population will have larger
demands for wood and food, so while remote or protected areas may have the potential for
storing high AGB, forest near settlements and access routes are likely to continue being

disturbed unless affordable alternatives are available for the sustainable use of the forest.
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Chapter VI. General discussion

Land-use and land-cover changes and selective logging have led to losses in the
carbon storage of diverse tropical ecosystems (Houghton, 2005a). Tropical deciduous forest
has been one of the most impacted of these (Janzen, 1998), but the outcomes have been
poorly quantified. Various elements impact directly and indirectly on the response of AGB.
Little is known of ecological processes of AGB distribution over various spatial scales in
natural and non-human disturbed ecosystems, as most studies have been focused on
disturbed vegetation. The lack of integrity across scales, variables, and models selection
plays a major role in understanding the spatial representation of AGB. The multiple
responses and interactions among the variables may divergently represent the AGB
magnitude and allocation. Therefore, it is important to explore the AGB allocation as a
multi-factor expression over multiple spatial scales and methodological approaches.

This study has the following major aims: to improve the accuracy of predictions of net
carbon losses, it is necessary to understand the socio-ecological constraints that drive the
spatial distribution of natural and current AGB. This study took a multi-scale approach with
a multi-model testing process to identify factors that drive AGB magnitude and allocation in
a mature forest. As a starting point, forest structure and biophysical variables were explored.
Next, a multi-variable integration was applied because AGB is a multi-factor expression over
distinct spatial scales. A multi-model inter-comparison was used to identify the best model(s)
that could reproduce AGB estimates as well as its spatial configuration. Finally, an
estimation was made of net carbon emissions caused by deforestation and forest degradation
along with the socio-ecological drivers.

The structure followed in this section can be summarized: firstly, mature forest
properties were explored and explained over contrasting spatial scales. Variables that
correlated to AGB were explained in light of current knowledge and how they interact with
other factors to predict AGB. Secondly, various sources of uncertainty in this study were
presented. Critical errors were examined to find out the impact on AGB. Finally, drivers of
carbon emissions due to deforestation and degradation were identified, highlighting their

importance for the construction of future AGB maps.

VI.1 AGB assembly in a mature forest

A TDF forest community shows an inverse J-shaped tree-size distribution. The forest
can be considered mature natural forest with proper regeneration and continuous replacement
(Hall and Bawa, 1993; Lykke, 1998; El-Sheick, 2013). Tree density and community

assembly suggest that the proportions of the individuals per diametric class is less variable in
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TDF than the tree density alone suggests. TDF forest community is dominated by a great
number of trees with DBH <30 c¢cm with a limited number of large-sized trees (DBH >60
cm), with a mean AGB of 118.1+44.0 Mg ha”'. Mean BA and AGB are similar to other
reports (Brown and Lugo, 1982; Murphy and Lugo, 1986b; Brown and Lugo, 1990;
Gillespie et al., 2000; Jaramillo et al., 2003; Marin et al., 2005). But they are higher than
other TDF in Puerto Rico (Murphy and Lugo, 1986b) and Mexico (Jaramillo et al., 2003;
Martinez-Yrizar et al., 1992).

The results advocate that the AGB heterogeneity for mature forest can be captured
with a multi-scale and multi-factorial analysis (Poisot et al., 2011), but it fails for very high
AGB. AGB allocation varies in the landscape as a consequence of processes over diverse
scales. Despite this, most of the variables are directly or indirectly related to water stress. In
other arid regions, water availability is the major limitation for AGB (Snyder and Tartowski,
2000).

At the local scale, soil texture actively mediates water availability (Sperry et al., 1998;
Sperry and Hacke, 2002) while soil nutrients play a reduced role in explaining AGB.
Particularly, in the TDF sandy loam textures have good drainage in the under storage, good
water-holding capacity and the right amount of movement of soil air, helping the
development of plants during the rainy season, and to overcome the dry season when water
uptake is hydraulically limited (Hultine et al., 2005). Trees allocated in these soil textural
classes are highly sensitive to small precipitation pulses reflecting on the carbon
sequestration (Fravolini et al., 2005) with significant implications for local and regional
AGB. Soil nutrients (C, N and P) have little correlation to AGB as could be inferred from
studies done on secondary forest or chronosequences which are highly nutrient demanding
(Christensen and Peet, 1984; Mirmanto et al., 1999; de Castilho et al., 2006; Wright et al.,
2011). However, C:N and N:P ratios were important to explain AGB (Mirmanto et al., 1999;
Slik et al., 2010; Wright et al., 2011; Alvarez-Clare et al., 2013). Ruiz-Jaen and Potvin
(2011) found that the proportion of N-fixer species plays a major role in explaining AGB in
N-limited forest. So forests dominated by N-fixers (Salas-Morales et al., 2007) establish
important symbiotic nitrogen fixation processes which help them overcome N-limitations.

Soil properties and tree allocation did not show spatial autocorrelation. Thus at tree
level, the community was spatially heterogeneous and the tree-spatial distribution did not
show an assembly of patches of comparable biodiversity and/or biophysical properties, as
had been proposed by other authors (Hubbell, 1979; Levings, 1983; Murphy and Lugo,
1986b; Condit et al., 2000). Some authors argue that large sized-tree allocation is the result

of biotic interactions which modify the competitive ability of plants (Yeaton et al., 1977;
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Hubbell, 1979, 1980; Gonzalez and Zak, 1994; Condit et al., 2000; Lucero et al., 2006). Also
Korner (2007) proposed that it is the result of gradients in light availability mediated by local
topography, soil and air temperature by creating distinct types of light microhabitats.
Consequently, large tree allocation depends on a multi-variable inter-correlation of micro-
climatic and micro-topographic conditions, rather than intra- or inter- species for light or
nutrients (Hubbell, 1980; Gonzalez and Zak, 1994; Condit et al., 2000). Nonetheless,
Arriaga et al., (1993) found that soil nutrient content and shade-sun conditions do not seem
to explain the patchy distribution of perennial plants. Particularly for this study, some plots
with very high AGB estimates could not entirely be understood without considering the
presence of large-sized trees. Consequently, it is necessary to explore the drivers of
allocation of colossal trees to be able to make a proper representation of the AGB, mainly for
those outlier sites (de Castilho et al., 2006). The representation of local site conditions, as
well as sub-regional and landscape factors are positively influences to promote the
development of individual trees over the average. The major limitation in this type of study
is that such information is difficult to acquire on a landscape scale with such a degree of
detail. Therefore, the most conclusive studies were done at continental or global scales (Slik
et al.,, 2013), where climatic variables explain the density of large-sized trees.

In a sub-regional scale, altitudes promote differences in potential evaporation by
changes in the temperature and precipitation regime (SMN, 2014). This study finds that
larger AGB estimates were measured at higher altitudes, as a consequence of water stress
reduction. On the contrary, at lower altitudes precipitation is significantly reduced with an
increase in potential evaporation. Other topographical variables indirectly correlate to bring
shelter to plants against water and nutrient stress such as terrain curvature (Cusack et al.,
1997; Gessler et al., 2000) and aspect (Galicia et al., 1999; Bijalwan, 2012). Distance to
streams is a direct force of water availability over longer periods (Cusack et al., 1997; Rango
et al., 2006), but only in the first hundred meters, because of the root systems which catch
lateral distribution of water. Other authors (de Castilho et al., 2006; Alves et al., 2010) found
that slope plays a critical role in AGB distribution. However, in this study it was found that
there is not a clear pattern, but this does not necessarily contradict the others because those
studies may have been allocated to forest under different disturbance processes. Finally, high
leaf expression (eg. LAI) played an important role in determining sites with lower water
limitation, mainly during the dry season (Reich and Borchert, 1984). Sites with a higher
mean of LAI or with less inter-seasonality were correlated to sites with less water stress,
displaying larger AGB estimates. These processes can be related to the cycles of carbon up-

take, where sites with less inter-seasonality have a longer growing period and as a result,
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larger AGB estimates, similarly to observations done by Kenzo et al., (2010). The major
limitation of using MODIS-LALI is that some pixels maybe have a mixture of signals of
natural vegetation and anthropogenic disturbances.

At the landscape scale, climatic variables correlated more strongly to AGB. On the
one hand, temperature correlated inversely to AGB, mean annual temperature and intra-
seasonal temperature variability. Then in sites where plants tend to be more water stressed,
temperature does not vary significantly during the rainy season. This is in contrast to areas
with more variability, where there are mainly great differences, including at night, when
plants re-hydrate (Reich and Borchert, 1984). On the other hand, rainfall and
precipitation:temperature ratio correlate positively to AGB (Murphy and Lugo, 1986b;
Martinez-Yrizar et al., 1992; Jaramillo et al., 2003; Read and Lawrence, 2003).

VI.2 Uncertainties in AGB reconstruction

According to Chave et al., (2004) the main sources of uncertainty are tree
measurements, plot size and selection of allometric equations. However, if the aim is to
explain the spatial distribution of AGB, the selection of predictor variables and model play a
compelling role. Moreover, depending on the model’s validation approach the uncertainty
could be underestimated.

(1) Tree measurements have random errors due to personal data collection (DBH and
tree-height measurements) or the nature of the tree (differences in wood density and/or
carbon concentration). For the former error it is assumed that the measurements are
independent and follow a normal distribution. Positive and negative errors of the same size
would happen with analogous frequency of DBH and height measurements. Because of the
large number of samples it is possible to offset random errors. Gross errors, such as double
counting or missing trees are considered absent due to the fact trees were marked during the
data collection. However, gross errors during data collection in the field are impossible to
estimate without re-measuring the trees. According to these results, forest inventories that
look into trees larger than DBH>10 cm may drive serious changes in the perception of this
ecosystem with major implications on AGB (Keller et al., 2001). In this study, it was
possible to account for at least 15% of AGB underestimation, analogous with proportions
reported for another mature TDF in Mexico (Jaramillo et al., 2003) and less than that
reported by Read and Lawrence (2003). This contrasts with the results reported for other
tropical ecosystems (~3%) showing a much greater precipitation (~2,500 mm) (Chave et al.,
2004). Consequently, tropical dry forest should be analyzed and sampled differently from

tropical rain forests where large-sized trees are more common, and small-sized trees have a

90



reduced representation (Turner, 2001). Finally, the latter type of error was minimized by
including local wood density and wood and litter carbon content.

(2) The plots sized 10x30 and 10x40m are the right size to capture a normal
distribution of AGB in a mature TDF, and produce comparable results to plots of 1 ha. The
numbers of trees for small and large sampling approaches have similar distribution,
including large-sized trees. The advantages of this sampling approach are: (a) a higher
number of repetitions at lower costs; (b) easily comparable results because of its popularity
(Chapter I); (¢) the possibility to discern species’ composition (Giliba et al., 2011); and (d)
their impact on AGB (Kirby and Potvin, 2007); (e) exploration of the processes that drive
large-sized tree allocation on a local scale; (f) the landscape is not over-simplified by the
final result; and (g) better interpretation of disturbances and natural regeneration processes
are possible. Therefore, patterns and processes are better understood, mainly in very complex
topographic conditions.

(3) The selection of the allometric equation reveals a great impact on AGB prediction.
For the region there is not a local allometric equation. Hence, it was necessary to use
equations built for other regions. Therefore, intrinsically any allometric equation shows a
high uncertainty. Nevertheless, with a multi-model integration of the most approachable
allometric equations, it was possible to account for the uncertainty of AGB, and to identify
the main source of error. At the tree level, large-sized trees (DBH >75 cm) were shown to
create the most uncertain AGB estimates, as other authors have proposed (Baker et al., 2004;
Chave et al., 2004). Nonetheless, large-sized trees (DBH >60 cm) are scarce in the TDF
which limits their impact on mean AGB (~20%). The same observations done to other
tropical ecosystems (Keller et al., 2001; Chaturvedi et al., 2011) produced slightly greater
than the 13% reported by Nascimento and Laurance (2002). Small to medium-sized trees
(DBH <30 cm) are important because they are abundant and they contribute to the greatest
biomass (>60% of the AGB) (Jaramillo et al., 2003; Baker et al., 2004; Chaturvedi et al.,
2011). At tree level there are little differences across diverse allometric equations on
estimating AGB for small to medium-sized trees. However, because of their high density
they have the greatest impact on a landscape scale, as they do on the uncertainty (Keller et
al., 2001). Therefore to reduce the uncertainty of AGB estimations at landscape scales, forest
inventories should implement a full sampling collection for every stem, and allometric
equations should be improved for small to medium-sized trees (<50 cm in DBH). Finally, a
significant source of uncertainty can be tackled using a local allometric equation for trees

within 5-40 cm in DBH.
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(4) Selection of predictor variables and modelling provided possibly the most critical
source of uncertainty to reproduce AGB. On the one hand, predictor variables that correlate
to AGB exhibit divergent explicative power to reproduce AGB. In some cases, the variable
exposes great sensitivity with the capability of over or under estimating AGB. Over-fitting
models with predictor variables increased the model fit, but decreased the predictive
performance. In this study, both elements were taken into consideration. Firstly, with the
exploration of how the ecosystem is assembled it was possible to select the most significant
predictor variables and test their sensitivity in the models. Climatic variables played an
important role in predicting AGB. However, AGB predictions were variable. On the other
hand, model selection was significant in predicting AGB. Most of the models were capable
of predicting AGB over large areas with accuracy, capturing mean AGB estimate for the
landscape. Nonetheless, at a local scale, the models showed divergent performances, not
only in the allocation of the AGB estimates, but also in the range of predicted values. These
have led differences in the predictability of AGB across the landscape. Independent
validation demonstrates that the uncertainty in the predictions was contrastingly different
across the models. GLM produced a constrained uncertainty in the predictions, while RT and
NN showed a much wider uncertainty. GLM offers a smaller uncertainty in the prediction for
low AGB estimates and when the mean predictions were close to the observations. But larger
uncertainties were generated mainly when the mean predictions failed to be close to the
observations. On the contrary, though NN and RT kept differences between predictions
small, the total mean residuals were reduced because they reproduced precisely the mean
landscape AGB, failing to produce accurate estimations. Also, the uncertainty in the
predictions was consistently wider than with GLM. Spatial differences in the models were of
great concern, similar to observations done for other studies (Houghton et al., 2001; Saatchi
et al., 2007; Ometto et al., 2015). The observed spatial AGB patterns were only possible to
reconstruct with GLM. When contrasting the various models’ predictions against a null
model, MaxEnt and GLMM performed worst. Thus, it is recommended to test contrasting
models for the spatial representation of AGB estimates at fine scales.

Finally, (5) while the model validation approach does not influence directly the
uncertainty of the predictions, it may underestimate the level of uncertainty. Independent
validation reveals that models performed worse than Jackknife (MaxEnt) or bootstrapping
techniques (Harrell, 2015). The same models tested against independent data display a
serious reduction in their ability to predict AGB (Hill et al., 2013). Models such as RF and
NN can be easily over-fitted. In particular with RF and NN, the bootstrapping technique

reported better performance in reproducing AGB estimates used during the calibration.
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Notably for NN, the optimization produced excellent model fitting, but a poor prediction
capability for independent samples. Techniques such as bootstrapping or Jackknife may
mislead the results and underestimate uncertainty in AGB predictions (Harrell, 2015).
Therefore, it is recommended that an independent validation should be implemented to
validate the performance of the models (Hill et al., 2013) and when possible models should

be tested over various spatial scales.

V1.3 Deforestation and degradation processes

The carbon emissions due to deforestation and forest degradation can be estimated
through the integration and comparison of multiple input maps. In this study a net carbon
emission was derived, by contrasting the potential carbon stocks map with the diverse
current carbon stock maps. In the study it was considered that the input maps did not differ
importantly in the epoch they represent, and little differences across the maps are expected as
a result of LUCC. The LUCC during the period 2006-2011 for the same region was reported
in <2.3% of the landscape (PSIG, 2015). The potential total carbon stock in the region is
between 11,000 and 13,000 GgC (Chapter IV). About 44% of the potential carbon estimated
for the region is still present, which represents a degraded forest (Asner et al., 2010),
characterized by a mature forest matrix among secondary forest and anthropogenic covers.
During the period 1985-2006, an analogous proportion of the landscape did not show any
LUCC process (Corona, 2012). It is estimated that about 7,000 GgC has been emitted due to
deforestation and degradation of the forest (Chapter V). The scale of analysis (1 km?) does
not enable counting of emissions from deforestation and degradation individually, and both
processes are masked as disturbance. Nevertheless, this study considers that ~62% of the
total carbon emissions can be regarded as being due to forest degradation. This is
comparable to estimates from other studies undertaken at finer resolutions which reported
that forest degradation accounts for ~67% of net losses of AGB (Gaston et al., 1998; Ryan et
al., 2012) under similar land-use management as the landscape in this study. These results
allow a general picture of potentially how much AGB has been lost over time, and set a
benchmark for landscape management.

In this region Corona (2012) and Mendoza (2015) found that the proximate drivers of
deforestation are grassland for cattle raising, agriculture and urban development. However, it
was unknown how much of the AGB has been lost because of LUCC and forest degradation.
Nevertheless, Skutsch (2009) reported that dry forest carbon emissions are important
because of continued carbon losses. Forest AGB loss is not evenly distributed in the

landscape and is related mainly to socio-economic pressures. Corona (2012) and Ryan et al.,
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(2012) found that cleared areas are the result of small expansions in the boundaries of
already cleared land, congruent with processes observed for AGB losses. Greater AGB
losses were observed closer to current agricultural lands, human settlements and roads.
Climatic variables and altitude were significant variables to explain the spatial variability of
AGC reductions. And they act as underlying explanatory variables of LUCC processes. For
example, places with high water stress are less suitable for agriculture, consequently, less
AGC was lost. In contrast, accessible regions and those climatically suitable for agriculture
have the highest transformations in AGC. Interestingly, at lower altitudes (close to the coast)
places limited for agricultural activities but close to urban establishments and paved roads
exhibit high AGC reductions. This can be related to urban expansion and the establishment
of tourist resorts along the coast (Corona, 2012). Finally, regions isolated from human land-
cover change within the boundaries of the National Protected Area have shown a reduced
pressure on the forest (Figure V.5); analogous observations have been reported by Corona
(2012) and Mendoza (2015). Forest degradation processes are difficult to measure at the
spatial resolution of this study. However, it can be argued that degradation happens close to
dirt roads, human settlements, and agricultural fields. According to Corona (2012) and
Corona et al., (2016), the process of shifting cultivation in the region takes place up to 4 km
from the previous agriculture plot, suggesting within this spatial range the population may
play a critical role in forest degradation. Where sites closer to rural settlements are preferable
for shifting cultivation (<1 km) and cattle raising (<3 km), similar ranges were identified in
this study for carbon losses.

Finally, future models with the aim to quantify current AGB maps should take into
consideration socio-ecological factors. The selection of those variables would depend not
only on the ecosystem studied, but also in the spatial resolution of the outcome. For example,
finer resolution maps, with pixels under 1km? should include topographic information with a
much finer resolution than that provided by the SRTM. Also, socio-economic variables, and
LULC maps should be built accordingly. Deforestation in Mexican TDF is mainly driven by
agricultural activities and land cleared in small patches, which are underestimated and
misplaced in national LULC maps. A comparable situation may happen in other tropical-dry
regions in the world. Coarser resolution maps, with pixels over 1km’, can include among
their predictor variables national LULC maps, as well as SRTM as an altitude variable,
alongside climatic variables. This shows the great importance of taking a bottom-up

approach when the aim is to develop a high resolution AGB map.
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Chapter VII. General conclusion

In spite of what is often reported about AGB in other tropical forests, AGB in the TDF
shows significant differences. Among the tropical forest, the TDF has relevant differences in
its structure with important implications for AGB. It was generally assumed that large-sized
trees represented the greatest proportion of AGB in tropical forests. However, this study
shows that this is not generally true for all tropical forests. Tree density and AGB allocation
in TDF are dominated by small to medium-sized trees, and large-sized trees have little
representation. This has serious implications for how the field information can be collected.
This study also proves that there are not significant differences in small and large sampling
design. It finds that TDF is a characteristic ecosystem to which generalist conclusions built
from studies in tropical forest, including savannas, do not apply, or should be taken with
more caution.

The estimation of spatial heterogeneity of AGB in the landscape is of great importance
when measuring carbon stocks and ecological dynamics. It will serve as a baseline for
determining changes in AGB. Consequently, the scale of data collection is crucial. The
sampling collection used in this thesis allowed the identification, clarification and
understanding of the main drivers of AGB allocation in the mature TDF. Also, it was viable
to test differences in the spatial pattern of AGB that come up from diverse sources of data
and model selection. On one hand, various multi-variable models support the belief that
water availability plays the major role in explaining AGB on a local, sub-regional and
landscape scale. On the other hand, model selection produced contrasting AGB estimates
and patterns. Not all the models were capable of improving a null model and/or reproducing
the spatial patterns of AGB. Also, it was demonstrated that an independent validation is
mandatory to account for the uncertainty of the predictions. The models showed reduced
predictability power for independent data than bootstrapping or Jacknife techniques. Most of
the models were capable of reproducing a mean AGB estimate at the landscape scale. Only
the GLM model reproduced similar spatial AGB magnitudes and patterns as the
observations. However, it is not clear if these prediction capabilities could be extrapolated to
other regions. Therefore, it is necessary to explore in more detail how different models can
be fitted to reproduce AGB in places beyond their current spatial calibration range.

Various elements influence the AGB allocation in the mature forest. Among all of
them water availability played the most decisive part of various spatial scales. In this study,
soil nutrients did not correlate to AGB in the mature forest. However, it is not well
documented if similar patterns were observed in other mature forests, because most studies

have focused on secondary forests. Water availability promoted stress to the plant and with
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it, its carbon uptake. Water availability is directly and indirectly affected by climate,
topography and soil physical properties. Consequently, AGB in relation to water availability
should be analyzed over various spatial scales. Also, more research regarding AGB
allocation in mature forest and nutrients is needed.

Some observations were always underestimated by all the models. This suggests that
there are other underlying variables that were not identified in this study and require more
analysis. Those observations were characterized as showing very-high AGB with more than
one large-sized tree. In that case it is of primary concern to identify factors that promote the
clustering of those large-sized trees. Other studies have suggested that to minimize these
effects, the data collection should be done in larger plots. This would be difficult,
considering that sampling collection must not be compromised; the chosen sampling strategy
would have critical impacts on the outcome of that analysis. Firstly, the spatial representation
of AGB maps would never be smaller than the sampling collection. Secondly, the
understanding of AGB allocation would be simplified, and information such as nutrient
availability, micro-climate and species composition would be biased or minimized. Thirdly,
the highly heterogeneous TDF landscape would be oversimplified. Therefore, spatial
patterns such as AGB allocation about aspect, slope, altitude and solar irradiation would be
highly uncertain. Finally, socio-economic pressures would be minimized and difficult to
measure and model. Consequently, with the approach implemented in this study fine
resolution AGB maps can be improved. Moreover, future models should look into how fine-
scale patch dynamics may be coupled at broader scales to make a better representation of
AGB and its potential implication for climate change risks. Accordingly, an accurate
representation of the spatial variation of potential AGB will help in a better assessment and
understanding of impacts of deforestation and forest degradation in carbon emissions and
climate change as well as biological niches for biodiversity or food supply for diverse
species.

The results of this study tell us that there is not a clear consensus among various
current AGB maps. However, they also show that with a multi-model comparison it is
possible to identify carbon emissions drivers and calculate total carbon emissions due to
forest disturbances. Socio-economic variables played the major role in explaining AGB
losses. Climatic variables were only significant to understand the spatial bias across the
diverse maps. Models should not only rely on remote sensing information as a proxy of
socio-ecological drivers. Therefore, current AGB maps should consider a bottom-up
perspective for AGB allocation from a socio-ecological perspective. AGB maps built from

this approach will have more explicative power to reproduce current field-based AGB
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estimates. Consequently, an important source of uncertainty can be minimized. Nevertheless,
it is expected that carbon emissions due to disturbance will increase in the coming years. The
role of population in driving deforestation is complex and characterized by spatial and
temporal impacts. The growing rural population will have larger demands for wood and
food, so while remote or protected areas may have the potential for storing high AGB, forest
near settlements and access routes are likely to continue being disturbed unless affordable
alternatives are available for the sustainable use of the forest.

Finally, these outputs are useful to support informed decisions when restoring or
managing an ecosystem. The results obtained in this study can guide and identify rare
elements in the landscape which in most studies tend to be avoided or minimized by
changing the sampling design. Also, they can help in the understanding of patterns and
processes in landscape ecology and population analysis. It should be said that the scale of
field sampling collection and the pixel size of the raster variables should be accordingly

evaluated to the spatial resolution of the AGB representation.
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Chapter VIII. Further work

VIIl.1 How accurate are the models of Chapter IV to reproduce
AGB in other regions of Mexico?

Models built in Chapter IV showed great capabilities to reproduce mean AGB at the
landscape scale, but only GLM in a local scale. Therefore, it would be important to test these
same models in other regions of Mexico with similar vegetation types. A complete
independent validation is needed over the spatial range where the models show the capacity
to extrapolate information over greater spatial scales. Failure in the models can also shed
light on the limitations of possible variables, helping in the identification of new alternatives
to overcome this situation. With these new and adjusted models we can expect improvement
in estimations of AGB over larger spatial scales, and the representation of key factors to

understand AGB spatial distribution.

VIIIL.2 Identify and account for other biological restraints to
AGB accumulation.

AGB in a mature TDF is mainly driven by water stress. Various sources of
information have suggested that nutrients are also important. However, this study did not
find such correlation in mature forest. Nevertheless, it is possible to explore how nutrients
could drive different AGB stock for successional stages. This information is crucial to
understand the mechanism for carbon sequestration over successional stages and the impact
of future warmer and drier conditions on TDF carbon sequestration.

Leaf Mass Area (LMA) is a significant variable that correlates with photosynthetic
activities and traits in the plant growth and therefore on carbon sequestration rates. Strategies
in leaf physiology (LMA & chemical composition) may be explored to see their effect on the
growth rates of woody tissue, changes over successional stages and climatic conditions and
species composition. Therefore, this analysis should explore soil classification and nutrients
(Na, K, Mg, Ca, N-NO;, N-NH,) and cationic exchange capacity (CEC) to AGB for
successional stages and mature forest. Finally, biodiversity has been shown to be a functional
trait in carbon sequestration. Nitrogen sequester plants may induce contrasting paths in

carbon sequestration processes, as well as the local total AGB.
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VIIL.3 How do N, P, and water stress affect growth rates and
canopy structure in a mature forest?

Based on the results in Chapter III and Chapter IV it was possible to identify that N
and P alone did not present an important factor in explaining AGB in a mature forest.
However, there is still a lack of understanding of how these micro-nutrients may affect
carbon sequestration (biomass and/or soil). Water stress was the most significant variable to
explain AGB. Also, reduced water stress turned in higher LAI and AGB. However, the
mechanism of how water stress, N and P may intervene in the forest canopy structure in a
mature forest is not entirely clear. Therefore, it is important to test how the enrichment of N,
P and watering may drive contrasting carbon stock and forest structure in a mature forest
over multiple years.

To test this approach it is necessary to establish diverse sampling plots with
contrasting altitudes but similar topography (slope, aspect and distance to streams). Within
each of the plots four independent sub-plots should be delimited. One plot will work as
validation, and the other three for testing the model. The first test would be watered the
whole year, the second would be watered and N enriched, and finally, the last plot would be
watered and N and P enriched.

Diverse information should be collected to understanding the effects of these
modifications. First of all, all the trees should be classified to specie, geotagged and coded in
the field. DBH and height measurements should be recorded for every tree, shrub and
seedling. This process should be done at least 3 times per year. With this process it will be
possible to monitor DBH changes over time as well as changes in measuring the height. To
reduce error in measurements, all plants should be marked where previous measurement was
done and changes in height and DBH recorded. Flowering seasonality for each tree should be
evaluated, and the starting and ending day of leaves falling. Litterfall tramps should be
considered per tree to establish the influence for each specie or correlation to woody
biomass. Litter on the ground would have to be weighed to contrast changes over time. Fine
roots production and LMA changes need to be recorded. Finally, ideally, each site would
have instruments to record soil and atmospheric temperature, soil wetness and atmospheric

relative humidity.
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Annex 3. Lineal regressions of the differences in AGB estimated between Neural Networks
and Regression Tree against different biophysical variables. Positive values in Y axis
represent that NN predict higher AGB estimates for the same location than RT. The solid
black line refers to the regression line of the scatterplot. Broken lines represent the mean
difference between models (black) plus and minus one standard deviation (red).
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Annex 4. Lineal regressions of the differences in AGB estimated between GLM and
Regression Tree against different biophysical variables. Positive values in Y axis represent
that GLM predict higher AGB estimates for the same location than RT. The solid black line
refers to the regression line of the scatterplot. Broken lines represent the mean difference
between models (black) plus and minus one standard deviation (red).
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Annex 5. Lineal regressions of the differences in AGB estimated between GLM and Neural
Networks against different biophysical variables. Positive values in Y axis represent that
GLM predict higher AGB estimates for the same location than RT. The solid black line
refers to the regression line of the scatterplot. Broken lines represent the mean difference
between models (black) plus and minus one standard deviation (red).
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