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Abstract 

Land use and land cover changes significantly affect C storage in terrestrial 

ecosystems. Programs intended to compensate land owners for the maintenance or 

enhancement to C stocks are promising, but require detailed and spatially explicit C 

distribution estimates to monitor the effectiveness of management interventions. 

Savanna ecosystems are significant components of the global C cycle, however, they 

have not received much attention for the development of C monitoring approaches. In 

this dissertation I have investigated three of the aspects related to woody plant cover 

dynamics in semiarid savannas of central Argentina: spatio-temporal dynamics, precise 

field surveying and scaling from field to region with the use of freely available remotely 

sense data.  

To examine the long term changes in woody plant cover, I first carefully 

extracted information from historical maps of the Caldenal savannas of central 

Argentina (190,000 km2) in the 1880s to generate a woody cover map that was compared 

to a 2000s dataset. Over the last ~120 years, woody cover increased across ~12,200 km2 

(14.2 % of the area). During the same period, ~5,000 km2 of the original woody area was 

converted to croplands and ~7,000 km2 to pastures, about the same total land area as was 

affected by woody plant encroachment. A smaller area, fine scale analysis between the 

1960s and the 2000s revealed that tree cover increased overall by 27%, shifting from 

open savannas to a mosaic of dense woodlands along with additional agricultural 
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clearings. Statistical models indicate that woody cover dynamics in this region were 

affected by a combination of environmental and human factors. 

To assess the consequences of woody cover dynamics on C, I also measured 

ecosystem C stocks along a gradient of woody plant density. I characterized changes in 

C stocks in live biomass (woody and herbaceous, above- and belowground), litter, and 

soil organic carbon (to 1.5 m depth) pools along a woody plant cover gradient (0 to 94 

%). I found a significant increase in ecosystem C stocks with increasing woody cover, 

with mean values of 4.5, 8.4, 12.4, and 16.5 kg C m-2 for grasslands, shrublands, open and 

closed forests, respectively. Woody plant cover and soil silt content were the two 

primary factors accounting for the variability of ecosystem C. I developed simple 

regression models that reliably predict soil, tree and ecosystem C stocks from basic field 

measurements of woody plant cover and soil silt content. These models are valuable 

tools for broad scale estimation if linked to regional soil maps and remotely sensed data, 

allowing for precise and spatially explicit estimation of C stocks and change at regional 

scales. 

Finally, I used the field survey data and high resolution panchromatic images 

(2.5 m resolution) to identify tree canopies and train a regional tree percent cover model 

using the Random Forests (RF) algorithm. I found that a model with summer and winter 

tasseled cap spectral indices, climate and topography performed best. Sample spatial 

distribution highly affected the performance of the RF models. The regression model 
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built to predict tree C stocks from percent tree cover explained 76 % of the variability, 

and the spatially explicit tree C model prediction presented an root mean squared error 

(RMSE) of 9.6 tC/ha which represented ~35% of the mean C stock for areas with tree 

cover. Our analysis indicates that regionally over the last ~120 years, increases in woody 

plant cover have stored significant amounts of C (95.9 TgC), but not enough to 

compensate for in C generated by the conversions of woodlands and natural grasslands 

to croplands and pastures (166.7 TgC), generating a regional net loss of 70.9 TgC. C 

losses could be even larger in the future if, as predicted, energy crops would trigger a 

new land cover change phase in this region. 
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1. General introduction and overview 

Land cover changes in terrestrial ecosystems affect the global climate through 

changes in energy fluxes and matter cycles; among these, changes in greenhouse gas 

concentration and the radiation balance play a critical role. Savannas comprise ~ 20% of 

the global land surface, and changes to its land cover can significantly influence the 

global climate. For the last 150 years, savannas have experienced significant land use 

and land cover changes, affecting the woody cover of this originally spatially 

heterogeneous and temporally dynamic systems. Large areas have been converted to 

crops and pastures, while others have been encroached by woody plants changing the 

structure and functioning of the ecosystem. To increase our understanding of these 

changes, both natural and anthropogenic, we need studies addressing the spatio-

temporal dynamics, and its consequences. 

Increases in woody plant density have been observed in arid and semi-arid 

regions worldwide. Numerous management and environmental drivers (e.g. cattle 

ranching, fire management, and changes in rainfall pattern) have been identified as 

possible causes. However, we do not completely understand the consequences of this 

encroachment. Replacing grasses with woody species may change species diversity, 

water use, albedo, total C stock, and allocation of C to different pools in the ecosystem 

(i.e. soil, grasses, litter, and woody plants). The direction and magnitude of these 

changes are highly site and scale specific. Moreover, there is an important geographic 
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knowledge gap, as most of our understanding comes from the semiarid regions of North 

America, and little is known on the ecosystem and climate consequences of woody plant 

encroachment (WPE) in other regions such as Australia, Africa and South America. A 

more complete accounting of the radiative forcing associated with WPE in these regions 

is needed.  

In the second chapter, I present the study of spatio-temporal dynamics of woody 

plant cover between the 1880s and the 2000s for the Caldenal savannas. Anecdotal 

references indicate that important land cover changes have occurred in the region in the 

last century, but no study has yet been able to quantify how woody plant cover has 

changed in this region over that period. I extracted woody cover information from 

historical survey maps from the 1880s, which I then compared to current land cover 

maps. This regional analysis offers important insights to broad land cover changes, but 

savannas are intrinsically heterogeneous at a much finer spatial scale, namely, at the tree 

level. To address tree cover dynamics, and understand how the dominant Calden tree 

(Prosopis caldenia) spatial patterns changed in the last 50 years, I used aerial photographs 

and high spatial resolution satellite images to study tree cover distribution and 

aggregation. Finally, I present a regional estimate of what changes in woody plant cover 

in the last century mean in terms of ecosystem C accumulation for this region. 

In the third chapter, I present the results from the field survey in which the effect 

of woody plant cover on ecosystem C stocks in this savanna ecosystem is assessed. 
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Changes in tree and shrub density can significantly affect C accumulation in semiarid 

ecosystems, but the magnitude of those changes vary greatly by system and region. For 

example, increases in woody plant cover have been shown to increase C stocks in some 

regions, while the opposite has been found in others. Here, I quantified tree, shrub, 

litter, coarse woody debris, and soil C stocks in 35 sites along a woody plant cover 

gradient in the Caldenal savannas. With this information I was able to quantify for the 

first time how woody plant cover affect C accumulation across this region. Since 

detailed field surveys are costly and time consuming, I developed simple regression 

models relating easily measurable variables to the different C stocks; these can be used 

by land owners or the government for C monitoring programs. 

In the fourth chapter, I present a scaling analysis in which I use field data and 

high resolution satellite images to make spatially explicit predictions of regional tree C 

across this region. Programs aimed at protecting or enhancing C storage in natural 

ecosystems, such as payments for ecosystem services or REDD, require detailed and 

precise spatially explicit tree C models for monitoring purposes. Most efforts have been 

targeted to tropical regions where the densest C ecosystems are located, but savannas 

have an important role to play in such programs given the large areas they cover. 

Remote sensing is the best tool we have so far to scale field measurements to regional 

scales. Different remote sensing data products are being used for this, the most widely 

used being LiDAR and RADAR. LiDAR is the most promising technology for generating 



 

4 

precise estimates of tree biomass and aboveground C, but aircraft cost and logistics still 

limit its full potential for many areas. For that reason I present here a method to estimate 

tree cover and C making use of field work data, and freely available high spatial 

resolution panchromatic images from the CBERS satellite series. Using this data I trained 

several tree cover models to predict tree cover are regional scales. Different sampling 

and scaling patterns were explored and are discussed. Finally, in the fifth chapter, the 

concluding remarks from this dissertation are presented. 
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2. Woody plant-cover dynamics in Argentine savannas 
from the 1880s to 2000s: the interplay of encroachment 
and agriculture conversion at varying scales 

 

2.1. Introduction 

Human population and the demand for goods and services has increased 

dramatically in the last centuries, and is only expected to increase more in the near 

future (Haberl et al., 2007). To satisfy this demand, some ecosystems have experienced 

large changes in land use and land cover, contributing to current global environmental 

change (Foley et al., 2005). Changes in land cover affect the persistence of biodiversity, 

soil properties, and water cycles, and modify climate at varying spatial and temporal 

scales, ultimately affecting the provision of ecosystem services humans rely on (Li et al., 

2007). Rangelands comprise ~45% of the global land surface (Bailey, 1996), and changes 

in their cover can have consequences from local to global scales. Hence, it is important to 

understand past land cover dynamics in semiarid regions, including both causes and 

consequences, to better manage natural resources for the future. 

Human-induced land cover changes typically take one of two forms: 1) concrete 

changes in cover due to a planned intervention, or 2) gradual changes over time. As an 

example of the first, conversion to agriculture turns millions of hectares of forest, 

savannas, and grasslands to croplands to increase food and fiber production 

(Ramankutty and Foley, 1999). On the other hand, increases in woody plant cover in 
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grasslands and savannas, a process called woody plant encroachment (WPE), is a much 

more gradual process that can occur over decades or even centuries. WPE is considered 

one of the most extensive forms of rangeland land cover change (Blaum et al., 2007), 

affecting vast portions of arid and semiarid regions worldwide (Asner et al., 2004). It has 

been related to local land use and management (Lunt et al., 2010), with the introduction 

of cattle and changes in fire regimes being two of the most commonly cited drivers 

(Asner et al., 2004). Woody plant clearing and encroachment are two processes usually 

studied independently, but active agriculture frontiers in semiarid regions, where both 

occur simultaneously, offer a unique opportunity for understanding complex woody 

plant cover dynamics and their consequences. 

Shifts between wooded and non-wooded plant communities change the 

composition, structure, and functioning of ecosystems. A higher density of woody 

plants typically increases plant water use (Kim and Jackson, 2011; Nosetto et al., 2012), 

modifies the energy balance in the ecosystem through changes in albedo (Beltran-

Przekurat et al., 2008) and can change the size and speed of nutrient cycling (McCulley 

and Jackson, 2012). Net total ecosystem C stock generally increases with woody plant 

cover (Eldridge et al., 2011), while ecosystem C is lost when natural woodlands are 

converted to agriculture (Don et al., 2011). Given that wooded ecosystems represent a 

significant portion of the terrestrial C stocks, spatially explicit studies of woody plant 
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dynamics are essential to understand the long term variability in C source-sink 

dynamics at regional scales. 

The timespan of land cover studies is limited in most cases by the availability of 

reliable information from the past. Most studies of changes in woody plant cover use 

remotely sensed information such as aerial photos and satellite images as the primary 

data source (e.g. Browning et al., 2008), limiting the time of comparison to the onset of 

the technology used. Historical accounts and maps can extend the time frame of land 

use and land cover change studies (Bender et al., 2005), and have been widely used in 

Europe and North America, where systematic records have been collected and 

preserved for centuries (Yang et al., 2014). For example, information registered in the 

USA General Land Office Records has been used to describe changes in land cover in 

different regions of the USA, although few studies have used such data to study 

increases in woody cover (e.g. Andersen and Baker, 2005). This type of historical dataset 

is not common in the developing world, and as a consequence reliable long-term land 

cover reconstructions are hard to generate in these regions. 

The semiarid savannas of central Argentina offer a unique opportunity to study 

long-term woody plant cover dynamics in an agriculture frontier region where both 

woody plant encroachment and clearing for agriculture have occurred. A systematic 

land survey undertaken in the 1880s recorded detailed vegetation information and was 

used to generate a baseline dataset of woody plant cover. The objectives of the present 
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study were to: 1) assess the usefulness of historical records to study woody plant cover 

dynamics in semiarid savannas ecosystems over +120 years; 2) determine the magnitude 

of woody plant encroachment and clearing in this dynamic agriculture frontier; 3) 

identify factors affecting each of those two processes; and 4) estimate the consequences 

of woody cover dynamics for regional C stocks.  

 

2.2. Methods 

2.2.1 Study Area 

The Caldenal of central Argentina (Figure 1) is a semiarid savanna ecosystem of 

190,000 km2 dominated by the Caldén tree (Prosopis caldenia). It has an understory of 

perennial grasses frequently interspersed with dunes, wetlands, and lakes (Cabrera, 

1994). The climate is temperate with a mean annual temperature of 15 °C; mean monthly 

temperature of the hottest month is 24 °C and of the coldest month is 8 °C (Cano et al., 

1980). The region is flat or slightly rolling and is formed mainly of a deep mantle of 

loessic sediments (Soriano et al., 1991). The area is characterized by a SW-NE rainfall 

gradient ranging from 300 to 700 mm/yr, concentrated mostly in summer months, with 

year–round water deficits (Cano et al., 1980). 

The area has been occupied for at least 8,500 years by hunters and gatherers 

(Zink, 2008). With the arrival of Europeans to Buenos Aires in the 16th century, cattle 

appropriation, herding, and trading became primary economic activities (Zink and 
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Salomon Tarquini, 2008). The Caldenal is central to what was an important colonial 

trade route that connected Buenos Aires to Chile (Ramos et al., 2009). Major land cover 

and land use changes occurred with the arrival of new settlers at the end of the 19th 

century, when the Argentine government seized control of the region, and have 

intensified since then (Alonso, 2009). Some of these changes include replacement of 

natural systems with agriculture, extractive logging, introduction of non-native species, 

overgrazing by livestock, alteration of fire regimes (Medina, 2007; Mendez, 2007b), and 

encroachment of native woody plants into grasslands and savannas (Baldi and Paruelo, 

2008; González-Roglich et al., 2012). 

 

 

Figure 1: Study area in the Caldenal ecosystem in La Pampa province in central 

Argentina. Percent tree cover from the MODIS Vegetation Continuous Fields product 

Collection 5 version 1 from 2009 is presented as the background. 
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2.2.2. Regional land-cover in the 1880s 

Once the federal government seized control of what is currently La Pampa 

province, surveyors systematically characterized the terrain between 1882 and 1884 

(Lluch, 2008). They delineated the vertices of 1,784 10- by 10-km townships (called lotes 

in Spanish). For each township they drew a map and wrote a description of the 

vegetation they found along the edges of each township, totaling 2,710 pages of 

information. We digitized these pages, and geo-referenced each individual map in a 

geographic information system. 

Spatially continuous land cover representations, such as polygons, are easier to 

interpret than points or lines. In this case however, we only had certainty that the 

surveyors had walked the perimeters of each township, and therefore we considered 

that the information along those perimeters would be more accurate than the 

information further away from the edges. To address that limitation, we developed a 

Points method to extract land cover information. A grid of points spaced 1 km apart and 

located along the edges of the townships was overlaid on the map (Figure 2); if the point 

was in the proximity (<500 m) of a woody plant symbol (i.e. trees and shrubs), then the 

point was classified as covered by woody plants (table 1). For display, we estimated 

proportional woody cover at the township level as the proportion of points classified as 

covered by woody plants. Given the lack of independent data sets, we were not able to 
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assess the accuracy of the 1880s map. However, visual inspection of the overall spatial 

pattern did not highlight any systematic artifacts such as surveyor or area bias. 

 

 

Figure 2: Example of the Points method used for land cover information extraction 

from the 1880s historical maps. 

 

 

Table 1: Datasets used for the different spatio-temporal analysis. 

Period Data set Year Spatial 

Resolution 

Cover data 

extracted 

1880s Historical maps 1882 to 1884 Coarse Woody 

1960s Aerial photographs 1961 to 1967 Fine Tree 

2000s Forest inventory map 2005 to 2006 Coarse Woody 

2000s CBERS images 2009 Fine Tree 
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2.2.3. Regional land cover in the 2000s 

As part of the first National Forest Inventory in Argentina, the Caldenal region 

was resurveyed in the early 2000s (Mendez, 2007a). Using remotely-sensed data and 

extensive field surveys, a land cover map of the region was developed (Mendez, 2007c). 

Using a vector version of the map, we recoded land cover classes as woody (shrubland, 

savanna, and forest) or non-woody (other land cover types). We selected the same point 

locations used to describe the 1880s vegetation to characterize woody plant cover in the 

2000s. The accuracy of this simplified dataset aggregated to woody-non woody was 

estimated based on the error matrix provided by the authors (Mendez, 2007c)  

 

2.2.4. Fine-resolution spatial patterns in the 1960s and 2000s 

To examine woody plant cover dynamics at a finer spatial resolution than in the 

regional land cover maps, we used 100 16-km2 quadrats distributed throughout the 

study area. The size of the quadrats was determined by the footprint of the 1960s aerial 

photos. We assessed changes in tree cover and tree aggregation by comparing 

panchromatic aerial photographs from the 1960s (scale 1:30,000) to the panchromatic 

CBERS-2B images from the 2000s. The 1960’s aerial photographs were scanned and 

georeferenced, and then resampled up to 2.5 m to match the spatial resolution of the 

CBERS images. The spatial resolution of this dataset limited our ability to identify 

shrubs (i.e. woody plants of smaller size), and for that reason we were limited to 
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identification of trees with canopy diameters larger than 5 m. Each image from both 

datasets was then manually thresholded to generate binary maps of tree / non-tree 

cover. 

Thresholding can introduce errors due to subjectivity at the moment of defining 

the threshold and the effect of shadows. In an effort to control for such error, all the 

thresholding was performed by the same person for the 1960s and 2000s datasets. Given 

that our objective was to assess changes between the 1960s and the 2000s consistency in 

processing was fundamental. We used field data estimating percent tree cover at 35 50- 

by 50-m square field plots within the study area (for details see González-Roglich et al., 

2014) to compare CBERS tree estimated aggregated to 50 m pixels. We estimated the root 

mean square error (RMSE) and the mean absolute error (MAE) as relative measures of 

the precision of the thresholding method for the 2000s dataset. Given that the analysis 

performed to the 1960s images was the same as the one applied to the 2000s images, we 

assume that the error estimates should be relatively similar for both datasets. 

For each quadrat and time period, we determined indices which provide 

quantitative descriptions of the landscape pattern (O'Neill et al., 1988; Swenson and 

Franklin, 2000): percent tree cover, mean patch size, and clumpiness. The clumpiness 

index ranges from -1 when the focal patch type (woody vegetation) is maximally 

disaggregated, to 1 when the patch type is maximally aggregated, and produces a value 

of zero for a random distribution of trees across the landscape, regardless of the 
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proportion of the area occupied by that particular class (McGarigal et al., 2012). Patch 

statistics were computed in FRAGSTATS V4 (McGarigal et al., 2012). Paired t-tests were 

used to assess the change between the 1960s and the 2000s (Sokal and Rohlf, 1994). 

 

2.2.5. Drivers of woody cover change 

We used logistic regression to identify factors affecting woody plant cover 

change between the 1880s and the 2000s. A set of 15 candidate explanatory variables 

addressing dispersion, topography, water availability, soil type and human influence 

was identified (Table 2). To simplify the interpretation of both the direction and the 

magnitudes (effect sizes) of the estimates, variables were standardized to z-scores 

(Grueber et al., 2011). Three sets of models were constructed, one for woody plant 

encroachment, one for conversion from woody cover to cropland and one from woody 

cover to pasture. For each set of models, we first performed univariate logistic 

regression analysis (GLM with logit-link and binomial error) on each potential predictor. 

Predictors with p < 0.10 for univariate logistic regression or those with higher p-values 

but of known ecological importance were selected for multivariate analysis (Hosmer et 

al., 2013). To avoid potential multicollinearity, no single pair of variables with 

correlations higher than 0.75 were included in the models. When such situations 

emerged, the variable with the most direct effect on woody plant dynamics, based on 

the literature, was selected for the model. We used the Akaike Information Criterion  
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Table 2: Variables considered for the logistic regression models. 

Type Variable Description 

Dispersion  DWO Distance to the closest pixel covered by woody plants in the 

1880s. Derived from the 1880s’ data set. 

Topography ELE Elevation derived from the 90 m SRTM DEM (Jarvis et al., 2008). 

 SLO Slope in percent. Derived from ELE. 

 TPI Topographic position index: continuous variable that ranges 

between -1 (valleys) and 1 (ridges). Derived from ELE following 

Jenness (2006). 

 ASP Aspect: 1 (north facing slopes), 0 (no slope), and -1 (south facing 

slopes). Derived from ELE. 

Water  MAP Mean annual precipitation  from Hijmans et al. (2005). 

 ARI Aridity index: ratio between mean annual precipitation and 

mean annual evapotranspiration. From Zomer et al. (2008). 

 WTD Water table depth from Fan et al. (2013). 

 PET Potential evapotranspiration from Zomer et al. (2008). 

Soil SOD Soil order: 0 = molisols, and 1 = entisols. From Cano et al. (1980). 

Human DSE Distance to the closest 1880s’ native American settlement. 

Derived from 1880s’ map. 

 DTR Distance to the closest 1880s’ trail. Derived from 1880’s map. 

 DCI Distance to the closest city with a population of at least 1,000 in 

the year 2000. Population center data from CIESIN (2011). 

 DRO Distance to the closest paved road in the year 2000 from DPV  

(2012). 

 DRR Distance to the closest rail road track. Rail road data from IGN 

(2013) 
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(AIC) for model selection (Burnham and Anderson, 2002) and model averaging to 

incorporate model selection uncertainty by weighting the influence of each model by the 

strength of its supporting evidence (Gutierrez et al., 2013). To evaluate the model’s 

spatial dependence, we analyzed the spatial autocorrelation of the residuals in the 

averaged model using Moran’s I spatial correlograms with the spatial weight matrix 

based on the inverse Euclidean distance. 

Goodness of fit of the final model was assessed using The Hosmer–Lemeshow 

Test (Hosmer et al., 2013). To evaluate the predictive performance of the final averaged 

model, we used the receiver operating characteristics (ROC) analysis (Fielding and Bell, 

1997). The area under the ROC curve (AUC) is typically used as a general measure of 

predictiveness (Fawcett, 2006). AUC values close to 0.5 indicate no discrimination, and 

values close to 1 indicate exceptional discrimination (del Hoyo et al., 2011). Statistical 

analysis was performed in R version 3.0.2 using the AICcmodavg for model averaging 

(R Core Team, 2013). 

 

2.2.6. Carbon Stocks 

To assess the effect of changes in woody plant cover on total C stocks across the 

Caldenal region, we first identified the percent area affected by each land cover 

transition. C stocks for natural vegetation covers were obtained from recent local field 

surveys (González-Roglich et al., 2014). For cropland, we considered only soil organic C 
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(SOC), which was estimated to be 50% of the SOC of the original land cover (Zach et al., 

2006). Changes were estimated as the difference between the total C stock of the land 

cover in 1880s and the 2000s, and then converted to regional stocks in TgC.  

 

2.3. Results 

2.3.1. Regional-scale changes 

We fully mapped, for the first time, woody plant cover in the Caldenal Savannas 

of central Argentina as it was in the 1880s (Figure 3). Before the influx of European 

settlers at the end of the 19th century, 44.1% of the area was covered by woody plant 

communities. The overall area occupied by woody communities remained relatively 

consistent over the last 120 years, representing 43.8% in the 2000s (overall accuracy for 

the 2000s dataset = 96.5%, Kappa = 0.92). However, this consistent woody cover 

proportion is the result of two opposite processes: increases in woody plant cover in 

some areas and losses in others. Between the 1880s and the 2000s, woody plants 

occupied 12,181 km2 (14.2% of the study area). The increase in woody plant cover 

occurred primarily in the central portion of the study area (NW-SE diagonal, Figure 3), 

both in areas where woody plants were present in the 1880s, but are now found at 

increased density, and in areas where they were absent previously. Woody plant cover 

loss, on the other hand, occurred primarily at the eastern and western edges of the 

Caldenal, affecting 11,970 km2 (13.9 % of the study area). Of these areas, 40.4% were 
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converted to croplands (5,045 km2), and 59.6% to pasture (6,925 km2), according to the 

land cover information provided by the 2000s land cover map. 

 

 

Figure 3: Woody cover averaged at the township level for the 1880s and 2000s, and 

changes over that period attributable to clearing for agriculture and woody 

encroachment. The three major cities in the area are presented as a reference: Santa 

Rosa (S.R.), General Acha (G.A.), and Victorica (V.). 

 

The increase in woody plant cover in the Caldenal region has been influenced by 

several factors. Of the set of models considered (Table 3), the averaged model presented 

acceptable fit (Chi-squared = 8.87, df = 8, p-value = 0.35, table 4) and high discrimination 

(AUC = 0.86). The Moran’s I autocorrelation coefficient decreased from 0.126 for the 

response variable to 0.025 for the residuals. The spatial correlogram showed no 

discernable patterns. According to this model, the probability of encroachment was 

higher in grasslands closer to sites with woody plants in the 1880s, and at locations with 
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higher elevations, steeper slopes, poorer soils (i.e. entisols), or closer to Native American 

trails (Table 4). Mean annual rainfall, water table depth, distance to settlements and 

distance to cities also had effects, but given that the 95% CI in each case included zero, 

we consider these effect to be less conclusive.  

 

 

Table 3: Top ranking models predicting grassland to woodland transition between the 

1880s and 2000s as assessed by Akaike’s information criterion (AIC). Number of 

estimated parameters including intercept (K), AIC, the difference in AIC (∆∆∆∆AIC), and 

the AIC weights (AICw) are provided. 

Model GRASSLAND TO WOODLAND K AIC ∆AIC AICw 

DWO+ELE+SLO+WTD+MAP+SOD+DTR+DSE+DCI 10 386.27 0.00 0.507 

DWO+ELE+SLO+SOD+DTR+DSE+DCI 8 387.35 1.07 0.297 

DWO+ELE+SLO+WTD+MAP+DTR+DSE+DCI 9 389.71 3.43 0.091 

DWO+ELE+SLO+DTR+DSE+DCI 7 389.85 3.57 0.085 

DWO+ELE+SLO+WTD+MAP+SOR 7 393.12 6.84 0.017 

Distance to woody (DWO), elevation (ELEV), slope (SLO), mean annual precipitation 

(MAP), water table depth (WDP), soil order (SOD), distance to settlements (DSE), 

distance to trails (DTR), and distance to cities (DCI). 
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Table 4: Variable estimates of the averaged grassland to woodland transition model. 

The 95% confidence interval (CI) for coefficients in bold did not include 0. Hosmer 

and Lemeshow goodness of fit test: X-squared = 8.87, df = 8, p-value = 0.35. AUC = 0.89. 

Variable 
Averaged 

Coefficient 

Standard 

Error 
95% CI 

Variable 

importance 

Intercept -1.02 0.24 (-1.49, -0.54) 1.00 

DWO -0.89 0.24 (-1.35, -0.42) 1.00 

ELE 1.01 0.18 (0.66, 1.35) 1.00 

SLO 1.48 0.26 (0.97, 1.98) 1.00 

MAP -0.06 0.29 (-0.62, 0.50) 0.62 

WTD 0.35 0.23 (-0.10, 0.80) 0.62 

SOD 0.86 0.41 (0.05, 1.67) 0.82 

DSE -0.17 0.17 (-0.49, 0.16) 0.98 

DTR -0.43 0.17 (-0.77, -0.10) 0.98 

DCI -0.03 0.20 (-0.42, 0.36) 0.98 

Distance to woody (DWO), elevation (ELEV), slope (SLO), mean annual precipitation 

(MAP), water table depth (WDP), soil order (SOD), distance to settlements (DSE), 

distance to trails (DTR), and distance to cities (DCI). 

 

Woody cover loss occurred in two distinct regions within the study area. While 

conversion to cropland occurred towards the east, conversion to pastures occurred 
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mostly in the west (Figure 3). Consequently both processes were modeled 

independently. Of the set of models evaluated for the woodland to cropland transition 

(Tables 5), the averaged model presented acceptable fit (Chi-squared = 3.88, df = 8, p-

value = 0.86) and discrimination (AUC = 0.90, Table 6), as did models for the woodland 

to pasture transition (Chi-squared = 9.99, df = 8, p-value = 0.26, and AUC=0.81, Tables 7 

and 8). The Moran’s I autocorrelation coefficient decreased from 0.057 for the response 

variable to 0.008 for the residuals in the first model, and from 0.060 to 0.010 in the 

second. The spatial discernable showed no problematic patterns. Wooded areas 

experienced a higher probability of being converted to agriculture if they were in areas  

 

Table 5: Top ranking models for woodland to cropland transition between the 1880s 

and 2000s as assessed by Akaike’s information criterion (AIC). Number of estimated 

parameters including intercept (K), AIC, the difference in AIC (∆∆∆∆AIC), and the AIC 

weights (AICw) are provided. 

Model WOODLAND TO CROPLAND K AIC ∆AIC AICw 

SLO+MAP+SOD+DCI 5 129.82 0.00 0.532 

MAP+SOD+DCI 4 130.59 0.76 0.364 

SLO+MAP+DCI 4 135.17 5.35 0.037 

MAP+DCI 3 135.67 5.84 0.029 

SLO+SOD+DCI 4 135.89 6.06 0.026 

Slope (SLO), mean annual precipitation (MAP), soil order (SOD), and distance to cities 

(DCI). 
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with higher mean annual rainfall or richer soils (i.e. molisols) and if they were closer to 

cities. On the other hand, if wooded areas had lower rainfall and were further away 

from cities, they were more likely to be converted to pasture. 

 

Table 6: Variable estimates of the averaged woodland to cropland transition model. 

The 95% confidence interval (CI) for coefficients in bold did not include 0. Hosmer 

and Lemeshow goodness of fit test: X-squared = 3.88, df = 8, p-value = 0.86. AUC = 0.90. 

Variable 
Averaged 

Coefficient 

Standard 

Error 
95% CI 

Variable 

importance 

Intercept -3.79 0.64 (-5.03, -2.54) 1.00 

SLO -0.65 0.42 (-1.48, 0.17) 0.60 

MAP 0.83 0.33 (0.18, 1.48) 0.96 

SOD -1.79 0.78 (-3.33, -0.26) 0.93 

DCI -1.83 0.48 (-2.76, -0.90) 1.00 

Slope (SLO), mean annual precipitation (MAP), soil order (SOD), and distance to cities 

(DCI). 
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Table 7: Top ranking models predicting woodland to pasture transition between the 

1880s and 2000s as assessed by Akaike’s information criterion (AIC). Number of 

estimated parameters including intercept (K), AIC, the difference in AIC (∆∆∆∆AIC), and 

the AIC weights (AICw) are provided. 

Model WOODLAND TO PASTURE K AIC ∆AIC AICw 

SLO+MAP+DCI 4 215.47 0.00 0.416 

SLO+MAP+SOD+DCI 5 215.64 0.17 0.382 

SLO+MAP+SOD 4 218.66 3.18 0.085 

MAP+DCI 3 219.31 3.83 0.061 

MAP+SOD+DCI 4 220.59 5.11 0.032 

Slope (SLO), mean annual precipitation (MAP), soil order (SOD), and distance to cities (DCI). 

 

Table 8: Variable estimates of the averaged woodland to pasture transition model. 

The 95% confidence interval (CI) for coefficients in bold did not include 0. Hosmer 

and Lemeshow goodness of fit test: X-squared = 9.99, df = 8, p-value = 0.26. AUC = 0.81. 

Variable 
Averaged 

Coefficient 

Standard 

Error 
95% CI 

Variable 

importance 

Intercept -2.82 0.44 (-3.68, -1.95) 1.00 

SLO -0.57 0.26 (-1.07, -0.07) 0.90 

MAP -0.85 0.28 (-1.40, -0.29) 0.98 

SOD 0.70 0.51 (-0.31, 1.70) 0.51 

DCI 0.57 0.23 (0.13, 1.02) 0.91 

Slope (SLO), mean annual precipitation (MAP), soil order (SOD), and distance to cities (DCI).  
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2.3.2. Fine-scale changes 

Between the 1960s and the 2000s, we found at the finer spatial resolution that 

mean tree cover area increased in the sampled area from 11.6 to 14.7% (t = -1.79, p-value 

= 0.07). The agreement between the 2000s tree cover estimate and the field data was 

relatively high, RMSE = 0.151 and MAE = 0.111. While tree cover increased by 27%, 

mean tree patch size increased almost 300%, from 249 m2 in the 1960s to 954 m2 in the 

2000s (t = -8.63, p-value < 0.01, Figure 4). During the same period, mean number of tree 

patches decreased, from 5.2 to 2.2 patches per ha (t = 6.58, p-value < 0.01), and mean tree 

clumpiness increased 17% from 0.68 to 0.80 (t = -11.4, p-value < 0.01). Over the last 40 

years, tree cover increased and changed from a disaggregated spatial pattern to a more 

aggregated one, becoming dominated by either cleared areas or closed woodlands. 

 

 

Figure 4: Example of changes in the spatial pattern of woody plant cover from the 

1960s (aerial photograph at left) to the 2000s (CBERS image at right). Some areas 

experienced clearing for agriculture, while others experienced increased density in 

woody plant cover. 
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2.3.3. Changes in C stocks 

Land cover dynamics have affected C stocks in this region (Table 9). The increase 

in woody plant cover in former grasslands captured almost 96 TgC, although that sink 

was not enough to compensate the losses due to conversion to cropland and pasture. Per 

unit area, conversion from woodlands to croplands had the single largest effect (8.1 kgC 

m-2 loss), but overall conversion of grasslands to croplands generated a larger loss (71.4  

 

Table 9: Land cover transitions in the Caldenal savannas between the 1880s and the 

2000s: total area, changes in C stocks per unit area and total regional stock change. 

 Area C stock change 

 (Km2) (kg C m-2) (TgC) 

Woodland – Woodland 25,467 - - 

Woodland – Pasture 6,925 -7,87 -54.5 

Woodland - Crops 5,045 -8.10 -40.9 

Grassland – Grassland 10,734 - - 

Grassland – Crops 23,866 -2.99 -71.4 

Grassland – Woodland 12,181 7,87 95.9 

Other land covers 1,801 - - 

Regional Total 86,019  -70.9 
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TgC) due to the extended area experiencing this change. Regionally, Caldenal savannas 

have lost ~71 TgC over the last 120 years due to changes in land cover in rural areas. 

 

2.4. Discussion 

Detailed historical maps generated by systematic surveys offer a unique 

opportunity for understanding long term vegetation dynamics. By extracting 

information from 1880s land surveys, we were able to document the extent of woody 

plant cover across ~86,000 km2 of the Caldenal savannas of central Argentina. While we 

found that the total area occupied by woody plants has remained similar across the last 

120 years there are two processes at play: woody plant encroachment in areas previously 

covered by grasslands and open savannas (14.2 % of the study area) and the loss of 

woody plant cover due to conversion to cropland and pastures (13.9 % of the area). Of 

the areas that lost woody plant cover, ~40% were conversions to croplands in the eastern 

part of the study area next to the Pampa grasslands and 60% were conversions to 

pasture in the southwestern portion of the study area (Figure 3). 

Modeling ecological processes is intrinsically complex. Given the coarse grain of 

our analysis, our primary research goal was to identify variables that could help us 

understand the underlying drivers of the dynamics identified. Our model of grassland-

to-woodland transition revealed that environmental factors had the most important 

influence on where WPE occurred. Proximity to areas already covered by woody plants 
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in the 1880s was the single most important factor in areas that experienced woody 

encroachment. The fact that Caldén seeds are mostly dispersed by cattle (Lerner, 2004) 

supports the notion that distance to seed sources is an important factor controlling 

expansion. Topographic factors were also important, although their individual effects 

were smaller than that of proximity to existing woody plants. A higher probability of 

encroachment was found at higher elevations. Because elevation in the study area 

decreases to the east, where precipitation is higher and soils more fertile, conversions to 

agriculture may have prevented WPE in lower elevation areas. Encroachment was less 

likely to occur in Molisols than in Entiols. Soil intrinsic physical (e.g. texture) and 

secondary properties (e.g. fertility) have been found to affect the development and 

abundance of woody plants in North American grasslands (Liu et al., 2013). Our coarse 

scale modeling results seems to reflect the preference of Prosopis caldenia for coarse 

textured and well drained soils (Cano et al., 1980), confirming the effect of soil properties 

in WPE dynamics. Slope also showed a strong effect, with WPE having a higher 

probability of occurrence in areas with steeper slopes, consistent with previous studies 

that found denser woodlands on slopes than in flat areas (Cano et al., 1980). 

Rainfall is the single most important factor affecting water availability in this 

semiarid region. Given that agriculture here is almost exclusively rainfed, mean annual 

rainfall was an important factor explaining the conversion from woodlands to crops and 

pastures. Croplands were located in areas with higher water availability, while pastures 
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were primarily in the drier areas to the west. Mean annual precipitation was not 

identified as an important factor affecting the increase in woody plant density. 

However, increased precipitation in the last century seems a likely factor to have 

affected WPE in this region. Regionally, precipitation has shown a 20% increase between 

the first and the second half of the 20th century (Tripaldi et al., 2013), which could have 

favored the establishment and development of woody plants (Munson et al., 2013).  

Most current landscapes have been shaped directly or indirectly by human 

activities (Antrop, 2005). In the present day, proximity to urban centers and roads highly 

influence the intensity of land use. Nonetheless, activities that took place decades and 

centuries ago can generate legacy effects that shape the development of plant 

communities over time (Marcucci, 2000). Historically Native Americans intensively used 

the Caldenal. We identified 54 settlements in the historical maps and a trail system over 

6,500 km long, which they used to transport cattle from the Pampa grasslands to Chile 

(Ramos et al., 2009). The probability of encroachment was higher closer to these trails, 

which suggests the existence of a legacy effect. Caldén seeds are dispersed by cattle, 

increasing the establishment of new seedlings and the development of denser 

woodlands. As for the current human influences we tested, we found none affecting the 

probability of encroachment, but we did find that conversion to agriculture was more 

likely closer to cities. The opposite was found for conversion to pasture.  
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In this study we were able to assess woody plant cover dynamics in the Caldenal 

savannas over 120 years and to identify several environmental and human factors that 

contributed to those dynamics. However, two important factors could not be modeled in 

our analysis but likely played a role in land cover dynamics across this region: 

management and fires. Livestock type and density influence the establishment and 

development of woody plants (Dussart et al., 1998), but we were unable to incorporate 

management practices implemented by individual land owners due to lack of detailed 

historical data for such a large area. Fire is another factor which influences the structure 

of savanna ecosystems (Gordijn et al., 2013), and we know that both fire intensity and 

frequency have changed since the arrival of settlers in the region (Medina, 2007). The 

lack of spatially explicit dataset of fire occurrence for the last 100 years prevented us to 

incorporate this factor into the models.  

Vegetation dynamics play a key role on the global C cycle (Beer et al., 2010). 

While large amounts of C have been released to the atmosphere from deforestation and 

conversion to agriculture (Houghton, 2013), plant growth in woody ecosystems has been 

responsible for a significant C uptake (Ballantyne et al., 2012). We found that in the 

Caldenal savannas, conversion of grasslands and woodlands to agriculture has 

converted the region into a net C source, losing ~10% of the total C stocks available in 

the 1880s. That loss would have been even larger if woody plant communities had not 

developed in grasslands and open woodlands. In the last century, the agriculture 
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frontier has been limited by the relatively arid conditions of the western portion of the 

study area, but recent studies have indicated the suitability of the region for the 

development of energy crops such as switchgrass (Diogo et al., 2014). Such a 

transformation could trigger massive land cover changes and, consequently, a release of 

C to the atmosphere much larger than that seen in the last century. 

 

2.5. Conclusion 

Over the last 120 years, the Caldenal savannas have experienced significant 

changes in land use and cover. Using maps from the 1880s and the 2000s, we identified 

important changes in land cover, with large areas being converted to agriculture and 

others experiencing increases in woody plant cover. Between the 1960s and the 2000s, 

our fine spatial resolution analysis showed that tree cover area increased by 27%, 

changing from sparsely covered savannas to a mosaic of dense woodlands interspersed 

with intensive agriculture. This change in land cover has altered the regional carbon 

balance. Over the last 120 years the Caldenal savannas have lost ~10% of the C stock 

available in the 1880s, and that loss could potentially be much larger in the future if 

energy crops are introduced in the region (Diogo et al., 2014). Moreover, the 

consequences of the new spatial configuration of communities in this region expand far 

beyond C storage. The development of high-density woodlands combined with natural 

habitat loss due to agriculture conversion would also reduce the provision of suitable 
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habitat for native wildlife and potentially affect the water and energy balances in the 

region. 
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3. Shifting carbon pools along a plant cover gradient in 
woody encroached savannas of central Argentina 

 

3.1. Introduction 

Land cover changes in terrestrial ecosystems not only generate changes locally, 

they also affect the global system through changes in energy fluxes and element cycles, 

including changes in greenhouse gas concentrations and radiation balance (Charlson et 

al., 2005). Rangelands comprise almost 45% of the global land surface (Bailey, 1996), and 

changes in their cover can significantly influence global climate (Rotenberg and Yakir, 

2010). For the last 150 years, increases in woody plant cover (WPC) have been observed 

in arid and semiarid regions worldwide (Van Auken, 2000; Asner et al., 2004). Given 

current trends and potential extent of encroachment, significant shifts may be occurring 

in the global carbon (C) cycle. For example, Houghton (2007) estimated that 40% to 70% 

of the net terrestrial C sink in the continental US corresponds to woody plant 

encroachment (WPE), especially across semiarid grasslands. However, little is known 

about the implications of this land cover change on ecosystem C stocks in other regions 

of the world, especially in the southern hemisphere. 

Woody plant encroachment is the process of an increase in woody plant density, 

and is considered one of the most threatening forms of rangeland degradation (Briggs et 

al., 2005). Woody encroachment is a widespread process occurring in Australia 
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(Fensham et al., 2005; Robinson et al., 2008), Africa (Roques et al., 2001; Augustine and 

McNaughton, 2004; Sankaran et al., 2005; Wigley et al., 2009), Europe (Anthelme et al., 

2007), North America (Glendening, 1952; Asner et al., 2003) and South America (Cabral 

et al., 2003; Dumig et al., 2008; Silva and Anand, 2011). Given its worldwide occurrence, 

it has been suggested to be a consequence of global drivers such as the recent increases 

in atmospheric CO2 (Harrell and Fuhlendorf, 2002; Wigley et al., 2010; Donohue et al., 

2013), but local drivers, such as introduction of cattle and changes in fire regimes, seem 

to be important as well (Archer et al., 1995; Asner et al., 2004). 

Although considerable attention has been given to the causes of woody 

encroachment, less is known about its consequences on ecosystem functioning. A recent 

meta-analysis found that it had mixed effects on ecosystem structure and functioning at 

global scales, and that specific shrub traits influence the functional outcome of 

encroachment (Eldridge et al., 2011). Despite numerous studies in North America, 

Australia and Africa, it is not clear if areas with higher woody plant density due to 

woody plant encroachment function as net carbon sinks or sources. Aboveground C 

stocks typically increase as a consequence of the replacement of grasses by woody 

species (Eldridge et al., 2011), but differences emerge when the soil component is 

included. In the southwestern US, wooded areas in Texas increased the rate of 

accumulation of soil organic C (SOC) by 100 to 500% as compared to grasslands (Liao et 

al., 2006), resulting in a significant increase in landscape-scale ecosystem C stocks 
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(Hibbard et al., 2003). In Arizona, soils under shrubs contained twice as much C as 

surrounding grass sites (Cable et al., 2009). However, Hughes et al. (2006) found that 

although aboveground C pools increased substantially with Prosopis tree stand 

development, no such change was found in surface soil C pools (0–10 cm depth). Along 

a rainfall gradient in North America, Jackson et al. (2002) found that while drier sites 

were gaining SOC, wetter sites were losing it. Moreover, the losses of SOC at wetter sites 

were substantial enough to offset the increase in aboveground C. In Africa, WPE 

generated a low gain in ecosystem C stocks, suggesting that the process is very slow 

(Coetsee et al., 2013). This variability demonstrates the site- and scale-specific nature of 

results and the need to measure different components of the soil C pool to assess the net 

ecosystem effect of WPE on carbon storage. Studies of C stocks across different levels of 

shrub and tree density are scarce in South American savannas, which represent ~20% of 

the global total area occupied by this biome (Olson et al., 2001). 

Most studies assessing C stocks for different levels of woody plant density have 

been measured at relatively fine scales, ranging from hectares to a few square km. To 

complement such studies, regional assessments are needed to evaluate the effects of 

WPE at broad scales. In this study, we assessed C stocks along a woody cover gradient 

in central Argentina (30,000 km2) by assessing woody and non-woody vegetation, litter 

and soils. Our objective was to examine regional C patterns in order to increase our 
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understanding of WPE consequences in semiarid savannas and to develop models that 

could be used by managers to estimate C stocks at the local or regional levels. 

 

3.2. Material and methods 

3.2.1. Study Area: 

The 30,000 km2 study area is located in the northern section of the Caldenal 

savannas of central Argentina (Figure 5). The Caldenal is a semiarid savanna ecosystem 

dominated by the Caldén tree (Prosopis caldenia) with an understory of perennial grasses 

frequently interspersed with dunes, wetlands and lagoons (Cabrera, 1994). The climate 

is temperate with mean annual temperature of 15 C°; mean monthly temperature of the 

hottest and coldest month is 24 C° and 8 C°, respectively (Cano et al., 1980). The region 

is flat or slightly rolling and is formed mainly of a deep mantle of loessic sediments 

(Soriano et al., 1991). Edaphic great groups found in this region are Entic Haplustols 

towards the east and Ustic Torripsaments towards the west (INTA, 2014). The area is 

characterized by a SW-NE rainfall gradient ranging from 400 to 700 mm/yr across 150 

km. Rainfall is concentrated in summer months, but it is not enough to compensate 

atmospheric demands, resulting in year–round water deficits (Cano et al., 1980). 

Major changes occurred in the area with the arrival of settlers at the end of the 

19th century and have intensified since then (Alonso, 2009). These changes include 

replacement of natural systems with agriculture, extractive logging, introduction of non-
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native species, overgrazing by livestock, and alteration of fire regimes (Amieva, 1993; 

Mendez, 2007). In areas not converted to agriculture, native woody plants have been 

documented to encroach both in savannas, where woody plant density increases (Lell, 

2004; González-Roglich et al., 2012b), and in grasslands (Echeverria and Giulietti, 2002; 

González-Roglich et al., 2012a), where woody plants had been absent, at least at end of 

the 19th century when European settlers arrived. Caldén woodlands have encroached in 

 

 

Figure 5: Seven clusters were established in the study area in the semiarid savannas of 

central Argentina. Each cluster contained five sites representing a woody cover 

gradient, ranging from grassland to closed forest. The two clusters to the northwest of 

the study area are located on Ustic Torripsaments while the other five are on Entic 

haplustols. Percent tree cover was derived from the MODIS Vegetation Continuous 

Fields product Collection 5 version 1 from 2009. 
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~12,000 km2 of grasslands (14% of the area) in the last 120 years, and in the last 60 years 

the spatial pattern of the originally open savannas has changed to a mosaic of 

agriculture and dense woodlands (González-Roglich et al., 2015). The increase in woody 

plant cover has been mostly attributed to local management, mainly due to changes in 

fire regime and grazing (Dussart et al., 1998; Esterlich et al., 2005; Medina, 2007). It is 

necessary then to understand the consequences of such an extended structural change in 

these semiarid savannas have on ecosystem C stocks at the regional level. 

 

3.2.2. Study Design: 

To determine the effect of WPE on ecosystem C stocks, 35 50 x 50-m sites 

representing a gradient in WPC from grassland to closed forest were surveyed in the 

2012-2013 Summer months. Sites were grouped in clusters of five with distances < 10 km 

among the sites within a cluster (Figure 5). Clusters were distributed within the study 

area to maximize representation. Each cluster contained at least one grassland, 

shrubland, open and closed forest site. Since management is an important factor 

influencing WPE (Naito and Cairns, 2011), sites within a cluster were located, in most 

cases, in the same ranch (mean ranch size = 49.5 km2, standard deviation = 25.6 km2) in 

an effort to control for the effect of different cattle and fire management regimes, which 

were assumed to be more constant within each individual property than among 

different ranches. 
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For woody plants, two 50 x 5-m belt transects were established per site. All 

woody plant material, alive and standing dead, whose stems emerged within the belt 

were surveyed, recording species, diameter at the base of the main trunk (defined as the 

tallest), diameter at ground level of the group of stems when more than one were 

present, height and crown radii (the longest radius and its perpendicular). Each site was 

later assigned to a specific woody cover type based on indices derived from field data. 

Mean crown area (m2) was multiplied by plant density (number per m2) to compute 

shrub (SCI) and tree cover (TCI) indices, defining classes as follows: grassland (TCI < 0.3 

and SCI < 0.2), shrubland (TCI < 0.3 and SCI > 0.2), open forest (0.3 < TCI > 0.6), and 

closed forest (TCI > 0.6). 

Woody plants < 3.2 m in height were considered shrubs, and > 3.2, trees. Species-, 

genus- or plant form-specific allometric equations were used to estimate above ground 

biomass per plant (Hierro et al., 2000; Belmonte Serrato and Lopez-Bermudez, 2003; 

Iglesias and Barchuk, 2010; Risio Allione, 2012; Conti et al., 2013). For P. caldenia, the 

most common species encountered, we produced a revised allometric equation, based 

on two existing models: 1) a species-specific model for small to medium sized trees 

(Risio Allione, 2012), and 2) a general equation for larger mesquite trees (Jenkins et al., 

2003). Below ground biomass was estimated as 35% of above ground woody plant 

biomass, as has been determined for P. caldenia in this region (Risio Allione, 2012). Fine 

roots (< 2 mm) were not accounted for in this study. Based on biomass distribution 
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among the different structural components of P. caldenia (Risio Allione, 2012) we 

assumed biomass of standing dead woody plants to be 25% of that of the alive 

aboveground biomass for the same species. Given the uncertainty on its estimation and 

the relatively small size of the pool, we did not estimate belowground biomass of dead 

trees. To estimate carbon content from biomass, we used conversion factors for closely 

related species (de Petre et al., 2005; Northup et al., 2005), which ranged from 0.44 to 0.48 

g of C per g of dry biomass.  

Grass, herb and fine litter biomass were estimated in three 0.6 m2 (0.3 m by 2.0 

m) randomly located quadrats per site. Aboveground biomass of grasses and herbs was 

collected by clipping at ground level the standing component. Plant tissues easily 

identifiable as leaves and twigs lying on the floor were collected as the fine litter 

component. Samples were oven dried to constant weight. Below ground biomass for 

grasses was estimated using a 7:1 root to shoot ratio developed for central Argentine 

rangelands (Busso, 1997). Conversion factors of 0.41, 0.42 and 0.41 g of C per g dry 

biomass were used for aboveground, belowground and litter biomass, respectively 

(Andrioli and Distel, 2008). 

Woody plant cover was estimated using a spherical densiometer (Lemmon, 1956) 

at 1.2 m above ground level. Densiometer readings were converted to percent woody 

plant cover, and averaged at the site level. To estimate the age of the presumably oldest 

trees in the site, increment core samples were taken from the five trees with largest 
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diameter at breast height. Samples were mounted on wood supports, sanded, scanned to 

a resolution of 1200 dpi and then rings were counted on screen. The age of the plant was 

estimated as the number of rings plus 5 years, time estimated for P. caldenia to achieve 

that height. The age of the oldest tree in each site was assumed to indicate the beginning 

of the encroachment process, and used to estimate the annual rate of C accrual for SOC, 

biomass C and total ecosystem C. 

Soil samples were collected from three locations per site positioned at 20 m from 

the center of the site, oriented at 90, 210 and 330 degrees clockwise from the magnetic 

north. At each location, a 70 cm wide and 70 cm deep pit was dug. Soil organic horizon 

(SOH), 0-10 cm, 10-30 cm, and 30-50 cm soil samples were collected from the south 

facing wall of the pit to estimate SOC. A manual auger of 10 cm diameter was used take 

samples at 85-100 cm and 135-150 cm depths. At the first three depths, another set of 

samples were collected using a metal frame of known capacity to estimate bulk density 

air drying soil samples for a week at room temperature, and then at 100 C until constant 

weight (48 to 72 hs). Soil texture was determined for each site from the 0-10 and 30-50 

cm deep samples (Bouyoucos, 1962). Samples for C estimation were air dried, sieved 

using a 2 mm mesh, pooled at the site level for each depth and analyzed with a CE 

Instruments NC2100 elemental analyzer (ThermoQuest Italia, Milan, Italy). Carbon 

concentrations and bulk density were used to estimate organic C mass per unit area (kg 

C m-2). Regression models were built for each site to interpolate C content for 
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unsampled sections of the soil profile (50 to 85 and 100 to 135 cm deep). Total ecosystem 

C stock for each site was estimated by aggregation of each of the individual components.  

ANOVA tests were used to assess the similarity in environmental conditions (i.e., 

mean annual rainfall, elevation, slope, soil texture, latitude and longitude) among land 

cover classes. When variables did not meet normality assumptions, natural log 

transformations were applied. To assess the effect of WPC on the different components 

of ecosystem C stocks, ANOVA tests were used. Two groups of tests were performed, 

one using the absolute C stocks of each component, and the other using the difference 

between each C stock along the woody cover gradient and its reference condition (i.e. 

the grassland site within the same cluster). Linear regression models were used to 

determine the effect of woody plant cover on the different C pools. Multiple linear 

regression models were built to predict the stocks in the larger C pools along the woody 

cover gradient (i.e. soil organic C, tree C and ecosystem C). We used Akaike’s 

Information Criterion (Akaike, 1974) with small-sample bias adjustment (AICc) and 

respective AIC weights for model selection. When the selected best model had multiple 

variables, we also present individual models to better understand the individual 

contribution of each variable and their interactions. 
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3.3. Results 

Closed forests have on average 12.0 kg m-2 additional C than grasslands, 8.5 kg 

C m-2 more than shrublands and 4.6 kg C m-2 more than open forests, with the difference 

between forest types not significant (Figure 6). The increment in total ecosystem C was 

positively correlated with SOC, tree C, SOH and fine litter (r > 0.6 in all cases). Of the 

total C stock increment observed along the wood cover gradient, most of the change was 

due to increases in SOC and tree C. Structurally, grasslands were characterized by low 

density of woody plants, shrublands by the dominance of woody plants shorter than 3.2 

m, and forests by the abundance of trees, present at higher densities in closed forests 

than in open forests (Table 10). By design, woody plant cover, our proxy for 

encroachment progression, was significantly different between the four cover classes (P< 

0.01) with mean values of 74.2% for closed forest, 39.5% for open forests, 13.1% for 

shrublands, and 0.1% for grasslands. The mean age of the largest trees in open and 

closed forests were 85 to 90 years respectively (difference not significant). Using the ages 

of the oldest trees in each site we estimated mean annual C accrual rates of 65.5 g C m-2 

yr-1 for SOC (±62.3 st. dev.), 34.4 for biomass C (±21.1 st. dev.), and 104.2 g C m-2 yr-1 

for total ecosystem C (±79.5 st. dev.). 
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Figure 6: Mean change in C stocks along the woody cover gradient. Grasslands 

represent the reference condition for each cluster (i.e. zero value for each C stock in 

each cluster). Values represent means and error bars standard errors of the mean. 

Different leters at the top of each bar indicate statistically significant differences in C 

stocks among land cover classes. 
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Table 10: Stuctural characteristics of the woody plants (i.e., shrubs and trees) 

along the woody cover gradient. Values represent means ± standard deviations. 

Grassland Shrubland Open forest Closed forest 

Shrubs plants/ha 92±98 2180±1521 1475±1050 1131±1099 

height (m) 1.1±0.4 1.5±0.2 1.6±0.2 1.5±0.3 

Trees plants/ha 7±15 65±127 239±213 710±571 

height (m) 3.6±0.3 4.1±0.5 5.7±1.2 6.1±1.5 

 

 

We found SOC to be the single largest C pool along the woody cover gradient, 

representing between 63% (closed forests) and 71% (shrublands) of the total ecosystem C 

stocks. Mean SOC content (to 1.5 m depth) increased along the woody cover gradient, 

from 3.0 kg C m-2 in grasslands up to 10.4 kg C m-2 in closed forests (Table 11). The soil 

organic horizon was absent in grasslands, and the significance of its C content increased 

with WPC representing on average 2.5% of the total ecosystem C pool in closed forest. 

The mean absolute amount of C in grasses decreased on average almost 30% from 

grasslands to closed forests, but differences were not statistically significant. In relative 

terms the importance of grasses also decreased, from 30% of the total ecosystem C stock 

in grasslands to 6% in closed forests. Fine litter and standing dead woody plants were 

minor components (< 3%) in all land cover classes. Both in absolute and relative terms, C 

content of woody plants in shrubby forms was highest in shrublands (0.9 kg C m-2, 
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Table 11: Carbon stocks (mean ± standard deviation, kg C m-2) in the different 

pools: soil organic carbon (SOC), soil organic horizon (SOH), grasses, fine litter, 

standing dead woody plants (SDW), shrubs,  trees, and total ecosystem C stock. The 

contribution (%) of a given pool to the ecosystem total is presented in brackets for 

each land cover class. 

Grassland Shrubland Open forest Closed forest 

SOC 3.05±2.06 (67.5) 5.96±2.91 (71.0) 8.73±6.57 (70.1) 10.37±7.26 (63.0) 

SOH 0.00±0.00 (0.0) 0.06±0.14 (0.7) 0.19±0.23 (1.6) 0.40±0.31 (2.5) 

Grasses 1.37±0.73 (30.2) 1.17±0.49 (14.0) 1.28±0.67 (10.3) 1.00±0.61 (6.1) 

Fine litter 0.07±0.03 (1.5) 0.05±0.02 (0.6) 0.10±0.06 (0.8) 0.10±0.05 (0.6) 

SDW 0.00±0.00 (0.0) 0.06±0.08 (0.7) 0.03±0.03 (0.2) 0.06±0.08 (0.3) 

Shrubs 0.01±0.02 (0.3) 0.94±0.65 (11.3) 0.53±0.50 (4.3) 0.16±0.15 (1.0) 

Trees 0.02±0.04 (0.4) 0.10±0.22 (1.2) 1.56±0.38 (12.6) 4.32±1.36 (26.3) 

Ecosystem 4.52±2.34 8.33±3.16 12.42±6.92 16.42±8.06 

 

representing 11% of the total ecosystem C stock). Tree C stocks increased along the 

woody cover gradient, to a maximum of 4.3 kg C m-2 in closed forest. Total ecosystem C 

stocks on average increased fourfold along the woody cover gradient, from 4.5 kg C m-2 

in grasslands to 16.5 in closed forests. 

Along the woody cover gradient, we found that over 80% of the variability in 

ecosystem C and SOC was explained with field measured WPC and soil silt content in 

the first 10 cm of the mineral soil horizon (Table 12). Interactions between the variables 

did not add significant explanatory power to the models. Tree C was mostly explained 

by WPC, accounting for 65% of the variability. At the regional level, we found positive  
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Table 12: Best models (in bold) predicting SOC, tree C and ecosystem C for the 

pooled data across land cover types, based on Akaike’s Information Criterion with 

small-sample bias adjustment (AICC) and AIC weights (AICcWt). When the best 

model included more than one variable, individual models and interactions are also 

presented. 

Response WPC Silt WPC*Silt Int Adj R2 K AICc ∆AICc AICcWt 

ln.soilC 1.073 0.049  0.261 0.81 4 33.53 0.00 0.77 

ln.soilC  1.139 0.050 -0.003 0.239 0.80 5 36.23 2.70 0.20 

ln.soilC   0.055  0.530 0.64 3 53.51 19.97 0.00 

ln.soilC  1.449   1.162 0.29 3 77.24 43.70 0.00 

ln.treeC  2.561   -0.582 0.65 3 25.64 0.00 0.41 

ln.ecosC  1.785 0.041 -0.021 0.848 0.86 5 12.33 0.00 0.56 

ln.ecosC  1.340 0.033  0.997 0.85 4 12.99 0.66 0.40 

ln.ecosC  1.594   1.607 0.52 3 51.84 39.51 0.00 

ln.ecosC   0.040  1.333 0.48 3 54.62 42.29 0.00 

ln.soilC: natural logarithm of SOC in kg C m-2 

ln.treeC: natural logarithm of tree C in kg C m-2 

ln.ecosC: natural logarithm of ecosystem C in kg C m-2 

WPC: percent woody plant cover 

Silt: soil percent silt content 

Int: Intercept 

K: number of parameters in the model, including intercept 

 

and significant relationships between soil silt content and total ecosystem C for the four 

land cover types (Figure 7). Moreover, for each given level of soil silt content, there was 

higher ecosystem C content in closed forests, decreasing the C content along the woody 

cover gradient, with the lowest values in grasslands. For rainfall, we found a general 

positive trend with increasing ecosystem C at wetter sites, but the relationship was only 
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Figure 7: Relationship between ecosystem carbon stocks and soil silt content (left 

panel), and mean annual rainfall (right panel). The effect of woody plant cover on 

ecosystem C stocks is depicted by the regression lines, presenting similar slopes for 

the different land covers, but being shifted upward (i.e. more C content) as grasslands 

are replaced by shrublands, and finally shrublands by forest stands. 

 

statistically significant for shrublands and open forest, with grasslands and closed forest 

showing low and insignificant regression coefficients. 

We found no statistically significant difference among cover classes in elevation, 

soil texture, latitude, longitude or mean annual rainfall. However, grasslands were 

located on average on sites with steeper inclination (2.4±1.7% for grasslands and 

1.0±0.6% for woodlands, P=0.01). Even when sites on steeper inclination have been 

found to contain less SOC (Ritchie et al., 2007), we found no statistically significant 

relationship between slope and SOC (P=0.47).  
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3.4. Discussion 

In this study, the first of its kind for South American semiarid savannahs, we 

found that closed woodlands have three times more total ecosystem C than grasslands. 

Given the widespread occurrence of woody plant encroachment in this region and 

globally, this could have important implications for the global terrestrial C balance. This 

gain was ~12 kg C m-2 from grasslands to dense woodlands, similar to values found in 

encroached areas of central Brazil (Pellegrini et al., 2014) and South Africa (Coetsee et al., 

2013). The rate of ecosystem C accrual we found, of approximately 100 g C m-2 yr-1, is 

also similar to those found for North American ecosystems similarly encroached by 

another Prosopis species (Barger et al., 2011), indicating a consistency across regions. We 

found that the increase in ecosystem C stocks was driven primarily by an increase in 

SOC and woody plant biomass. Carbon stored in the woody components of shrubs and 

trees increased significantly with woody plant cover, but never represented more than 

30% of the total ecosystem C stock, most of which was in the soil C pool (range 63-71%), 

as expected for semiarid ecosystems (Blanco and Lal, 2010). 

Total ecosystem C stocks have been found to depend on four main factors: 

precipitation, soil properties, vegetation type and management, (Derner and Schuman, 

2007). The clustered design allowed us to assess the effect of woody plant cover on 

ecosystem C stocks in semiarid savannas while minimizing the effect of the other three 

factors. We consider that by selecting clustered sites as close as possible to each other (< 
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10 km), and when possible in the same rural property, the effect of differential 

management within each cluster was minimized. We ackowledge that this assumption 

could be violated, but there are few options when designing a regional scale study in an 

area with high levels of turnover in ownership and management of the privately owned 

rural enterprises like this region. 

Our results indicate a net gain in ecosystem level C stocks along the woody cover 

gradient, and a significant proportion of that gain is due to increases in SOC. Field data 

from North America indicate that the increase in SOC in encroached sites is a function of 

woody patch age (Archer et al., 2004). If we consider the woody cover gradient as a 

proxy for encroachment gradient, then the increase SOC we found for this region with 

changing woody cover would support this notion. However, given that we did not find 

significant differences in the age of the largest trees between open and closed forests, we 

can not confirm this temporal trend. There are at least three important mechanisms 

driving SOC accumulation following WPE into grasslands that have previously been 

hypothesized (Boutton et al., 2009): (i) higher rates of net primary productivity (NPP) in 

wooded areas relative to grasslands; (ii) increased biochemical recalcitrance of litter 

inputs in wooded areas; and (iii) physical protection of organic matter inputs within the 

soil structure. Changes from grasslands to woodlands often increase aboveground NPP 

(Barger et al., 2011), augmenting the litter fall input to the soil and potentially making 

the SOC stock larger over time (Knapp et al., 2008; Strand et al., 2008; Throop and 
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Archer, 2008). We did not directly measure NPP in this study, but both the increase in 

total plant biomass present in the ecosystem, and in the soil organic horizon along the 

woody cover gradient, suggest that the increase in NPP is a likely mechanism driving 

the increase found in SOC. The recalcitrance of the organic matter depends on the lignin 

and aliphatic biopolymers content in the original plant tissue (Kogel-Knabner, 2002). 

Recent studies in subtropical savannas of North America found that in wooded areas the 

content of substituted fatty acids (a proxy for the relatively restistant biolpolymers) was 

4 to 7 times higher than in grassland litter (Boutton et al., 2009), providing evidence for 

this mechanism as a driver of increased SOC after WPE. 

The accumulation of SOC is due to both increased inputs of newer woodland-

derived C and the retention of older, stabilized grassland-derived C. Approximately 30 

to 55% of the SOC that accumulates following WPE is stabilized by physical protection 

in macro- and micro-aggregates, and by association with silt and clay (Boutton et al., 

2009). Given that clay content in this region is very low and has little variability 

(between 2 and 5 % for all sites), we used silt content in the first 10 cm of the profile as 

an indicator of soil properties (no major textural differences were found along the soil 

profile in any of the sites). Even though we did not directly measure the forms of 

stabilization of organic matter in the soil, we did find significant and positive 

relationships between soil silt content and SOC (Figure 7), which could indicate that this 

type of structural stabilization is occurring. However, if we are interested in developing 
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land management practices which favor C accumulation in the form of SOC, it is 

important to consider stability over long periods of time. Soil C storage is slow after 

woody plant invasion, and in some cases it is stored in the fractions with short residence 

time (<20 yr) (Neff et al., 2009). In La Pampa, previous studies provide evidence for 

rapid C losses after clearing, with C half-lives just above 10 yr and no evidence for long-

term stabilized C in any soil fractions (Zach et al., 2006). Therefore, carbon accumulation 

in these sandy loam soils which experienced woody plant encroachment should not be 

assumed stable (Creamer et al., 2011). This should be considered when planning 

management decisions to optimize carbon storage. 

The effect of WPE on ecosystem C stocks has been shown to vary depending on 

the amount of water available in the system, usually measured in the form of MAP. 

Several studies in North America and Europe, have found that in drier sites WPE 

increase the amount of total C in the system, while at wetter sites the changes become 

negative (Jackson et al., 2002; Alberti et al., 2011; Barger et al., 2011). Our study area in 

the Caldenal savannas, with a MAP of 480-630mm, falls on the drier side of that 

spectrum, and the increase in ecosystem C stocks found on average along the woody 

cover gradient agrees with previous studies. When we pooled all land cover classes in 

order to model the different ecosystem pools along the woody cover gradient, MAP was 

not found in any case a major factor affecting the C stocks, as were woody plant cover 

and soil silt content. When assessing the effect of MAP on total ecosystem C (Figure 7), 
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we found that for all the land cover classes considered, C stocks increase with MAP, but 

those relationships were only significant for shrublands and open forests, while the 

relationship for grasslands and closed forests rainfall was weak. It is possible that there 

are other factors not controlled for in the study design, like grazing and fire history, 

which could affect the relationship between MAP and ecosystem C stocks in the 

Caldenal savannas. 

The predictive models developed to predict tree, soil and total ecosystem C for 

this region are simple and effective, and could be incorporated into predictive models of 

ecosystem C globally. Within ecoregions, the use of simple, linear regression models in 

conjunction with precipitation and soils maps has been proposed to generalize the 

constrained site-level C estimates (Barger et al., 2011). Of the models tested here, which 

are restricted only to natural grasslands and P. caldenia woodlands in central Argentina, 

we were surprised to find the most successful ones to be the most parsimonious, relying 

only on woody plant cover and soil silt content, but having no significant relationship 

with MAP. This result highlights the importance of woody plant cover and soil 

characteristics as drivers of ecosystem C accumulation in central Argentina. The 

simplicity of the models combined with the ability to easily measure explanatory 

variables in the field, opens the possibility for regional estimates of ecosystem C stocks. 

Woody plant cover could be estimated from remotely sensed products, and soil silt 
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content could be gathered from regional soil maps, to generate regional estimates of 

higher precision than those currently available. 

 

3.5. Conclusion 

We assessed the magnitude of the most important ecosystem C stocks along a 

woody cover gradient in the Caldenal savannas of central Argentina in a effort to better 

understand the potential implications of woody plant encroachment on ecosystem C 

storage. We found a significant increase in total ecosystem C stocks along the woody 

cover gradient, with four times more C in closed forests than in grasslands. In all cases 

soil organic C was the largest pool, representing over 60% of the total ecosystem stock. A 

set of simple equations were also developed to predict soil, tree and ecosystem C using 

only soil silt content and woody plant cover measured in the field. The results offer an 

approximation to the potential effect of woody plant encroachment in the Caldenal 

savannas of central Argentina, but only a spatially explicit analysis assessing the area 

affected by this phenomenon over time will determine the real effect of the increase in 

woody plant density on the C budget of this region. The models created here offer a 

valuable tool, which linked to remotely sensed data and regional soil maps could 

address this need. 
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4. Tree cover and carbon mapping of Argentine 
savannas: Scaling from field to region 

4.1. Introduction 

Humans have increased the CO2 atmospheric concentration over the last 

hundred years, introducing new forcings to the global climate (Anderson et al., 2013; 

Marotzke and Forster, 2015). Terrestrial vegetation plays a key role in the global carbon 

(C) cycle (Reichstein et al., 2013), locally functioning as a sink or source depending on 

the successional, climatic and management conditions. Natural ecosystems are highly 

dynamic, subject to the effect of natural disturbances such as fires and droughts, as well 

as human actions. Conversion of forests to crops, for example, removes plant biomass 

and alters soil conditions, releasing large amounts of C to the atmosphere annually (Don 

et al., 2011). To quantify this changes we need simple, reliable and cost effective methods 

to monitor C stocks in terrestrial ecosystems. Much emphasis has been given to tropical 

forests which represent the most C dense areas (Baccini et al., 2008; Saatchi et al., 2011), 

but savannas, even with smaller C stocks per unit area, cover such broad extents that 

they can significantly affect the global terrestrial C balance (Lucas et al., 2011). Here we 

present an innovative approach to quantify high resolution fractional tree cover and 

estimate tree C stocks in savannas scaling up from fine scale field measurements to 

freely available high and moderate resolution satellite images. 

Savannas ecosystems affect the global C cycle because of their extensive coverage 

and highly dynamic nature. They cover approximately 20% of the global land surface 
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(Lucas et al., 2011), and are predicted to expand even more in the next century if the 

global climate continues to change as projected (Anadon et al., 2014). Savannas are 

characterized by the presence of trees in a matrix grasses, with a structure that depends 

on the fire, climate, animal use and human management history (Staver et al., 2011). For 

example, fire suppression, increase in rainfall and introduction of cattle have been 

identified as main causes of woody plant encroachment in savannas of Africa, Australia 

and the Americas (Archer, 2010; Naito and Cairns, 2011). Native browsers, like the 

elephant, can also change the physiognomy of an area in only a few years of intensive 

use (Holdo et al., 2009). And land use changes to pastures and croplands have generated 

significant reductions in the extent of this ecosystem (Hoffmann and Jackson, 2000; 

Brannstrom et al., 2008). Spatially explicit C models are needed for a more accurate 

accounting of C stocks and better allocation of resources targeted at the conservation of 

C stocks in natural ecosystems, such as payments for ecosystem services or reduced 

emissions from deforestation and degradation (REDD, Angelsen et al., 2012). 

Field surveys provide the most detailed accounting on C stocks from above and 

belowground trees, shrubs, and grasses and also of soil C stocks. However the time and 

cost of extensive field campaigns hinders its use for complete wall to wall surveying 

(Brosofske et al., 2014). Remote sensing data offer the possibility for scaling field data to 

regional scales via different methodological approaches (Patenaude et al., 2005). Satellite 

images provide data on the Earth’s surface at varying spatial, temporal and spectral 
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resolutions (Kuenzer et al., 2014). Land cover classifications are useful for monitoring 

major change events that move an area into another land cover class, but they are not 

useful for the study of subtle changes in vegetation health, vigor or density which may 

occur with the maturation of a forest stand, after a fire, with selecting logging, or woody 

plant encroachment, for example. These subtle changes are critical for understanding C 

patterns and dynamics over space (Kennedy et al., 2014). Characterizing subtle canopy 

features such as vegetation height, cover, and productivity over large areas is urgently 

needed to increase the precision of current inventories, and for understanding the 

system itself and the factors changing it (McDowell et al., 2015).  

Images from the Landsat satellite series offer the best opportunity for the study 

of landscape level natural resource dynamics, given its long term record critical for 

temporal analysis and the combination of spectral and spatial resolutions suitable for 

ecological studies (Kuenzer et al., 2014). Different methods have been used to extract 

subpixel information from Landsat such as machine learning algorithms to generate tree 

cover and C models from Landsat in combination with climatic and topographic data 

(Asner et al., 2014; Dech et al., 2014). A critical element for the success of machine 

learning algorithms for ecological prediction is the availability of sufficient high quality 

data to train the model (Brosofske et al., 2014). Active sensors such as light detection and 

ranging (LiDAR), when available, have been successfully used allowing for the creation 

of nation-wide above-ground C in tropical regions (Asner et al., 2014). LiDAR provides 
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detailed information on the canopy structure, height and density, which can then be 

related via allometric models to produce biomass and C estimations (McGlinchy et al., 

2014). However, LiDAR data availability is still limited for regionally monitoring due to 

the high cost associated with on plane remote sensing (Wulder et al., 2008). Satellite 

LiDAR is still experimental, offering limited spatial and temporal coverage. There is 

however, an increasing number of high spatial resolution images available to the general 

public which could potentially be used to identify tree cover (Kuenzer et al., 2014), and 

then train a machine learning algorithms to cheaply monitor tree cover and C in 

savannas. 

High spatial resolution images allow for the detailed characterization of tree 

canopies. This is particularly useful in savannas where trees are widely spaced in a 

matrix of grasses. Commercial satellite images with sufficient spatial resolution to 

identify individual canopies (e.g. < 5m) are costly and limited in their spatial and 

temporal coverage. The China Brazil Earth Resources Satellite series (CBERS), 

operational since 1999 and freely available since 2008, offers high spatial resolution 

panchromatic images (~2.5 m) of most of South America and East Asia. Our past 

research has shown that tree cover in savanna ecosystems is a good predictor of tree C 

stocks (González-Roglich et al., 2014), providing us with the opportunity to use high 

spatial resolution imagery to build regional spatially explicit models of tree cover and C 

stocks across the Argentine savanna ecosystem. 



 

58 

We modeled and mapped woody plant cover and its C content across a savanna 

ecosystem based on field surveys and a series fine-to-coarse resolution satellite imagery. 

Field data were used to validate fine scale mapping of canopy cover which was then 

modeled over successively coarser scale satellite data. These broader scale estimates 

were validated and the effect of spatial aggregation was explored. The tree cover 

estimates were converted to C stocks using the relationship between tree cover and C 

stock we developed for the Caldenal savannas. 

 

4.2. Methods 

We conducted field surveys that characterized canopy cover and tree C content 

across 35 sites. We then mapped tree cover at a fine scale (2.5-m resolution; CBERS) for 

100 randomly distributed 16 km2 quadrats, which we used to predict canopy and C 

estimates at coarser resolution for the entire region with the machine learning algorithm 

Random Forests. We initially tested a suite of remotely sensed variables to identify 

savanna tree cover and subsequently parsed variables to a more parsimonious and 

effective model. To test predictive capability at a coarser scale we scaled models with the 

same technique and assessed the effect of grain size in model performance. We then 

converted maps of woody plant cover to C based on a linear regression equation that 

was based on field surveys of C and canopy cover. 
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4.2.1. Study Area 

The study area covers 50,000 km2, approximately 25% of the Caldenal semiarid 

savannas in central Argentina (Figure 8). The Caldenal is dominated by the Caldén tree 

(Prosopis caldenia) with an understory of perennial grasses frequently interspersed with 

dunes, wetlands, and lakes (Cabrera, 1994). The climate is temperate with a mean annual 

temperature of 15 °C; mean monthly temperature of the hottest month is 24 °C and of 

the coldest month is 8 °C (Cano et al., 1980). The region is flat or slightly rolling and is 

formed mainly of a deep mantle of loessic sediments (Soriano et al., 1991). The area is 

characterized by a SW-NE rainfall gradient ranging from 300 to 700 mm/yr, concentrated 

mostly in summer months, with year–round water deficits (Cano et al., 1980). 

 

Figure 8: Study area in the northern Caldenal savannas of central Argentina. 

Background images corresponds to a Landsat TM 5 from summer 2009 in RGB:432. 
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The area has been occupied for at least 8,500 years by hunters and gatherers 

(Zink, 2008). With the arrival of Europeans to Buenos Aires in the 16th century, cattle 

appropriation, herding, and trading became primary economic activities (Zink and 

Salomon Tarquini, 2008). Major land cover and land use changes occurred with the 

arrival of new settlers at the end of the 19th century, when the Argentine government 

seized control of the region, and have intensified since then (Alonso, 2009). Some of 

these changes include replacement of natural systems with agriculture, extractive 

logging, introduction of non-native species, overgrazing by livestock, alteration of fire 

regimes (Medina, 2007; Mendez, 2007), and encroachment of native woody plants into 

grasslands and savannas (Baldi and Paruelo, 2008; González-Roglich et al., 2015). 

 

4.2.2. Data 

4.2.2.1. Field surveys 

Thirty five 50 by 50 m field plots representing a gradient in tree cover from 0 to 

94% were surveyed in the summer of 2013. In each plot, 12 densiometer readings were 

recorded to estimate mean tree cover at the plot level (Lemmon, 1956). Two belt 

transects (5 m by 50 m) were established in each plot. All trees within the belt transects 

were measured for later estimation of total tree biomass (above + below ground) using 

allometric equations. Biomass estimates were later converted to C stocks per unit area. 

See González-Roglich et al. (2014) for details on the field and post processing methods. 
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4.2.2.2. CBERS-HRC 

Very high spatial resolution panchromatic imagery can be used to generate 

crown metrics for forest monitoring (Mora et al., 2010). Here we wanted to use a freely 

available dataset to generate tree cover estimates in a savanna ecosystem to then predict 

tree C stocks at the regional scale. CBERS satellites are built and operated by Brazil and 

China, starting in 1999 and still operational. CBERS-2B was operational between January 

28, 2008 and May 10, 2010 and carried a High-resolution Panchromatic Camera (HRC) of 

2.5 m resolution. The HRC has a swath of approximately 27 km (INPE, 2015). 

We delimited and randomly selected 100 4 by 4 km quadrats representing 4% of 

the study area. We used 68 individual CBERS-HRC images from the summer months of 

2009 (INPE, 2015). Summer months were selected to more easily identify tree canopies 

when they have full foliage. We found the spatial reference of the original images to be 

inconsistent, and therefore we used a terrain corrected mosaic of panchromatic Landsat 

7 ETM+ (15m spatial resolution) to georeference them (RMSE was in all cases < 7.5 m). 

The lack of standardized HRC digital numbers prevented the use of an automatic 

processing workflow. To overcome this limitation, we made use of our remote sensing 

experience and knowledge of the study area, to visually identify threshold values for 

each CBERS image to separate tree canopies from non-tree background and generate a 

2.5 m resolution tree-non tree product which we called CBERS tree cover (CTC). This 

product was then aggregated to coarser grain sizes at 30 m increments obtaining percent 
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tree cover per pixel (Figure 9). We used tree cover data collected in the field to assess the 

accuracy of the CTC 30 m aggregated estimates. 

 

 

Figure 9: Processing steps from the CBERS panchromatic imagery (to the left) up to 

the final tree C prediction at 30 m resolution (to the right). 

 

4.2.2.3. Landsat data 

In order to create a spatially explicit high resolution tree C dataset, we used 

Landsat 5 TM images from 2009 (the same year as the CBERS data). To incorporate 

phenological variability in the model, we selected a set of images from the end of 

summer (3/20/2009) and end of winter (9/12/2009). Images were ordered already 

spatially and atmospherically corrected to surface reflectance (USGS, 2015). Besides 

surface reflectance, we also used indices which are useful for the differentiation of tree 
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cover including the tasseled cap indices (TCI, Crist and Kauth, 1986) and a texture 

measure (i.e. spatial variance) on first of the principal component for each date (Table 

13). 

 

4.2.2.4. Environmental variables 

Since our objective was to generate a simple yet precise model to predict percent 

tree cover, we also incorporated variables which could complement the reflectance and 

the derived indices. Topography is a key environmental factor affecting the distribution 

of tree species in general (Dech et al., 2014), and P. caldenia in particular (Cano et al., 

1980). We incorporated elevation and slope, derived from the 90 m Shuttle Radar 

Topography Mission digital elevation model (Jarvis et al., 2008), to our set of predictive 

variables. The study area has two regional climatic gradients of rainfall and 

temperature. Given the regional nature of both, we considered it appropriate to use a 

downscaled version of a global 1 km dataset (Hijmans et al., 2005), including mean 

annual temperature and mean annual rainfall to our set of predictive variables. 

 

 

 

 

 



 

64 

 

Table 13: Variables considered for tree cover prediction. 

Landsat derived  

Surface reflectance Surface reflectance for bands 1,2,3,4,5 and 7 provided by USGS 

(2015). 

NDVI Normalized difference vegetation index provided by USGS 

(2015). 

EVI Enhanced vegetation index provided by USGS (2015). 

NBR Normalized burned ratio 1 provided by USGS (2015). 

NBR2 Normalized burned ratio 2 provided by USGS (2015). 

NDMI Normalized difference moisture index provided by USGS (2015). 

SAVI Soil adjusted vegetation index provided by USGS (2015) 

MSAVI Modified soil adjusted vegetation index provided by USGS 

(2015). 

Tasseled Cap Brightness, greenness and wetness were computed in ENVI 5.2.  

Variance Computed on the first principal component of the reflectance 

bands on a 3 by 3 pixel window computed in ENVI 5.2. 

DEM derived  

Elevation Meters above sea level. From the SRTM (Jarvis et al., 2008) 

Slope Percent slope computed from Elevation in ArcGIS 10.2. 

Other datasets  

MAT Mean annual temperature in Celsius from Hijmans et al. (2005).  

MAP Mean annual precipitation in Celsius from Hijmans et al. (2005). 

 



 

65 

4.2.3. Data Analysis 

4.2.3.1. Random Forest 

Many parametric approaches such as maximum likelihood and regression have 

been used to estimate forest stand parameters (Baatuuwie and Van Leeuwen, 2011; 

Tonolli et al., 2011). However, the nature of variables such as tree cover, height and 

biomass complicates the use of these methods, and has favored the increase in 

popularity in non-parametric approaches (Brosofske et al., 2014). The decision tree 

method is non-parametric and popular both in forestry and remote sensing as it can 

accommodate non-linear responses, categorical and continuous data, large datasets, 

variable interactions, missing values, and because it is relatively unaffected by 

multicollinearity (Piramuthu, 2008).  

Random Forests (RF) are an ensemble approach which combines predictions 

from multiple classification and regression tree-like classifiers (Breiman, 2001). RF can 

provide accurate predictions in simple and complex regressions with modest fine-tuning 

of parameters (Strobl et al., 2008) outperforming other methods (Hudak et al., 2008). It 

has been successfully used for predictive ecological modeling (Dech et al., 2014), C 

mapping (e.g. Baccini and Asner, 2013; Asner et al., 2014) and tree cover estimation 

(Evans and Cushman, 2009). Given its combination of efficiency and accuracy, RF has 

been suggested for multisource processing of remote sensing and geographic data, 

where no convenient statistical models are usually available (Gislason et al., 2006). 
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RF produces many different possible solutions from a given data set by 

repeatedly selecting a random sample of cases and producing a classification or 

regression tree (Breiman, 2001). The overall outcome of the analysis is then derived from 

the results of each individual tree (using a voting procedure for classification trees or an 

average for regression trees) to make a prediction of each observation when the 

observation was out-of-bag in the bootstrapping and bagging process (Dech et al., 2014). 

In addition, it searches only a random subset of the variables for a split at each tree node, 

in order to minimize the correlation between the classifiers in the ensemble. This method 

is not sensitive to noise or overtraining, as the resampling is not based on weighting. 

Furthermore, it is computationally much lighter than methods based on boosting and 

somewhat lighter than simple bagging (Gislason et al., 2006). 

We ran RF with different sample numbers (see section below) and different 

settings to assess sensitivity of the algorithm. We observed that changing the number of 

trees to run (ntree) between 100 and 1000 did not significantly changed the outcome in 

terms of variance explained or variables ranking importance, therefore we ran all the 

models with 500 trees. We left the number of variables randomly sampled as candidates 

at each split (mty) to the default value of a third of the available number of variables.  
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4.2.3.2. Sample size selection 

The 30 m CTC dataset represented 1,685,270 sample points to incorporate into 

RF. However, processing limitations would not allow such a large amount of data to run 

RF. Moreover, even when RF has been shown not to over fit, we considered more 

appropriate to use a sample of this dataset to build and test the model which would also 

minimize spatial autocorrelation among neighboring cells. To determine the appropriate 

sample to use, we ran RF with increasing sample number from 500 to 300,000 and 

assessed percent explained variance (EV) which is reported internally by RF and root 

mean squared error (RMSE) which we estimated for each case using a sample not used 

to build the RF model. 

The spatial distribution of the data used for training is an important factor 

affecting predictive capabilities of spatially explicit models. To test the effect of sample 

distribution on model performance we compared two sampling patterns: 1) Random: 

From the population of points available we randomly selected a sample for model 

building, and from the remainder we selected another sample of for testing (testing 

sample number was 30% of the building sample number), and 2) Zonal: We divided the 

100 16-km2 quadrats into two groups: building (80 quadrats) and testing (20 quadrats), 

and randomly sampled the same number of points used in the Random sampling 

approach, but in this case limiting the selection to 80 of the 100 quadrats for building the 

model and the remaining 20 for testing in each case (Figure 10). We randomly repeated 
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the sampling 10 times, and ran RF model on each of the samples keeping all parameters 

constant, and compared EV and RMSE for each sample number using Student-t tests 

(Freund and Wilson, 2003). 

 

Figure 10: Sampling design used to extract information to build and test Random 

Forest models. From the available sample in each of the quadrats we selected points 

for building and testing. In the Random design building and testing data was 

extracted from all the 100 quadrats available, while in the Zonal design, some 

quadrats were used for building and others for testing. 

 

4.2.3.3. Model and variables selection 

Our intention was to build a spatially explicit high resolution tree cover model 

based on remotely sensed and environmental data. Since recent studies have shown that 

multicollinearity among predictors can decrease RF accuracy (Falkowski et al., 2009; 

Murphy et al., 2010), we wanted the most parsimonious model (i.e. fewer number of 
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variables) while maintaining a high predictive power. We proceeded as follows: 1) Build 

a full model with all the available explanatory variables (Landsat derived, topography 

and climatic) and use that model as the reference. 2) Identify the most important 

variables explaining tree cover in this region, and 3) Use the full model and the 

important variables to build a simple yet successful model. To assess the usefulness of 

Landsat data from different seasons we built models with data from only the summer 

(S), winter (W) or both (S+W). 

We used RF internal importance measure to select the variables to maintain in 

the model. RF offers a scaled and a raw measure of variable importance, given that the 

raw importance has better statistical properties (Strobl et al., 2008), we considered the 

unscaled importance values for variable selection. We retained variables which 

contributed unique information by removing variables highly correlated to those 

identified as most important by RF (Pearson’s correlation > 0.8). 

 

4.2.3.4. Scaling 

Once we obtained the best tree cover predictive model at the highest spatial 

grain size possible (30 m), we wanted to assess the effect of scaling on model 

performance. We aggregated the RF input variables at 30 m increments from 30 m to 240 

m grain size, and ran RF. The samples used were selected using the Zonal and Random 

sampling pattern explained above. We randomly repeated the sampling 10 times, and 
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ran RF model on each of the samples keeping all parameters constant, and compared EV 

and RMSE for each sample number using Student-t tests (Freund and Wilson, 2003). 

 

4.2.3.5. Tree cover to tree C 

Percent tree cover has been found to be the main predictor of tree C stocks in this 

savanna ecosystem (González-Roglich et al., 2014). Hence, we used the estimated tree 

percent cover at 60m resolution as the predictor of tree C stocks in a linear regression 

model for the 35 sites for which we had field data. When the data set is relatively small 

(like in our case) resampling techniques are appropriate to evaluate the model and its 

predictions (Guisan and Zimmermann, 2000). In this case we performed multiple re-

sampling with replacement (1000 bootstrap replicates) within the calibration dataset to 

obtain an unbiased estimate of R2 and RMSE (Fox and Sanford, 2012). We used the 

package “boot” in R to perform the bootstrapping regression. 

 

4.3. Results 

We created 100 16 km2 2.5 m resolution tree cover maps randomly distributed 

throughout the study area (Figure 8). These maps were highly correlated to field 

measurements of canopy cover (Pearson’s correlation of 0.93) and presented a relatively 

low error (RMSE = 13.5%) considering tree cover in the study area ranges from 0 to 

almost 100%.  
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Based on the scaling analysis we considered that the 60 m grain size offered the 

best balance between spatial resolution and precision (see explanation below). We ran 

models with different combination of variables, in the quest for a simple yet successful 

model to predict percent tree cover. The RF full model with all 38 variables resulted in 

EV = 87.0% and RMSE = 10.4% (Table 14). Of the 38 variables included in the full model, 

34 were Landsat derived, half from winter and half from summer. We used RF 

importance ratings to identify the most important variables to predict tree cover in this 

region. Regardless of the complexity of the model, tasseled cap brightness for winter and 

summer were always selected as the most important variables (Figure 11). The model 

did not lose explanatory power by removing all Landsat variables but TCIs, confirming  

 

 

Figure 11: Random forest variable importance measure (% incMSE) for the best 30m 

model. Tasseled Cap indices (TCI) one for winter and summer was consistently found 

to be the most important variable for the identification of tree cover. 
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the redundancy in the multiple Landsat derived indices. We also excluded mean annual 

precipitation which was highly correlated to elevation. This allowed us to arrive to a 

successful and parsimonious model (EV = 87.6% and RMSE = 10.2%), which contains 

TCIs (brightness, greenness and wetness) for winter and summer, elevation, slope, and 

mean annual temperature (Table 14). 

We examined three different spatial sampling artifacts for our best model: 

Number of samples, grain size of each sample, and spatial pattern of the samples. The 

sample number analysis at 30 m grain size showed that the explained variance (EV) of 

the model increased sharply with sample number until about 50,000, then the increase 

 

Table 14: Models built to predict percent tree cover at 60 m resolution (sorted by 

increasing RMSE). Random Forest internal (explained variance, EV) and external (root 

mean squared error, RMSE) performance measures are presented. ALL (all Landsat 

derived variables listed in table 13), TCI (brightness, greenness and wetness tasseled 

cap indices), MAT (mean annual temperature), MAP (mean annual precipitation), ELE 

(elevation), SLO (slope). 

60 m models Season Variables EV (%) RMSE (%) 

TCI + MAT + ELE + SLO S + W 9 87.6 10.2 

ALL + MAP + MAT + ELE + SLO  S + W 38 87.0 10.4 

TCI + MAT + ELE + SLO W 6 85.8 10.8 

TCI + MAT + ELE + SLO S 6 85.2 11.1 

TCI S + W 6 74.2 14.6 
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of each additional sample unit was smaller until EV remained relatively stable after 

150,000 (Figure 12). The opposite trend was found for RMSE, with lower errors at larger 

sample numbers. In addition to sample number affecting model performance, the spatial 

distribution also had a significant effect. The RF internal performance measure (EV) was 

for every sample number considered higher for the Zonal pattern than for the Random 

one (differences were statistically significant for sample numbers larger than 2000 at p-

value <0.01). However, the external performance measure we used (RMSE) showed a  

 

 

Figure 12: Model performance at different sample sizes (left) and different grain sizes 

(right). The top plots present the internal Random Forest performance measure 

(explained variance) and the bottom plots the performance measure computed with 

an independent sample (root mean squared error). 
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different pattern. While RMSE decreased with increasing sample numbers in the 

Random pattern, it remained constant in the Zonal (Figure 12), showing that in the 

Zonal sampling pattern, sample size did not affected model performance. 

The scaling analysis indicated that larger grain sizes generated models with 

higher percentage of explained variance and lower errors (Figure 5). However, the trend 

is not linear, and the biggest increase in precision occurs from 30 to 60 m; > 60 m the 

incremental accuracy of each grain size step is less. For every grain size considered, the 

EV of the Zonal sampling pattern was significantly higher than the EV of the Random 

pattern (p-value < 0.01). The opposite was found for RMSE, where the Zonal sampling 

pattern had significantly larger errors than the Random for every grain size; the RMSE 

difference increased somewhat with increasing grain size between Zonal and Random 

as compared to the Random one.  

Based on the field data, tree C stocks in this region range from 0 tC/ha in 

grasslands and croplands to 61.8 in dense woodlands, with a mean of 27.1 tC/ha for the 

areas with tree cover. The model built to predict tree C stocks from the 60 m tree cover 

maps was highly significant (p-value < 0.01) and explained on average 76.4% of the 

variance in the dataset (95% confidence interval = (64.5, 88.5), Figure 13). We applied this 

model to predict C stocks from the 60 a m tree cover model obtained from RF; the 

prediction from this spatially explicit model presented a mean RMSE of 9.6 tC/ha (95% 

confidence interval = (6.0, 12.1)). This indicates a mean prediction error of 35% given the 
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average of tree C stocks in the region (95% confidence interval = (22.3, 44.8)). The spatial 

pattern of tree C stocks in this region shows stands with greater C stocks towards the 

east and south of the study area (Figure 14). The total tree C stock of the 50,000 km2 

study area was estimated in 40.8 Tg C. 

 

Figure 13: Regression model for tree C density as a function of tree cover built for 35 

sites distributed throughout the study area. 
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Figure 14: Tree C density map for the northern Caldenal region (60 m resolution). 

Gray lines indicate state boundaries. State names are indicated in the map. 

 

4.4. Discussion 

It is critical to develop cost effective C monitoring methodologies appropriate for 

the spatial heterogeneity of open woody systems. Here we successfully developed a 
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high resolution spatially explicit tree C model for the Caldenal savannas of Central 

Argentina developed using freely available very high spatial resolution panchromatic 

images. Our tree cover model at 60 m grain size explained 87.6% of the variance in the 

dataset with a RMSE of 10.2%, and the C model for the 50,000 km2 study area presented 

an RMSE of 9.6 tC/ha, which represents a mean error of 22.3-44.8%, a value within the 

range other regional studies of C stocks have found. Asner et al. (2012) predicted C 

stocks up-scaled LiDAR-derived C maps in the Colombian Amazon with an uncertainty 

ranging between 14% and 28% of the C stock. Carreiras et al. (2013) estimated above 

ground biomass in Miombo savanna woodlands using L-band synthetic aperture radar 

obtaining a mean error of 25%. This would indicate that the use of very high spatial 

resolution images to train RF models can obtain estimates of similar precision as the 

most costly and sophisticated remotely sensed techniques, while still using freely 

available data. One potential weakness of our method is however, its reliance on the 

technical expertise of the researcher defining consistent thresholds to identify tree 

canopy, which could highly influence the quality of the results.  

The model generated allowed us to obtain some insights regarding the spatial 

distribution of tree C in this region. Tree C is not evenly distributed throughout the 

study area (Figure 6). The eastern portion has on average higher C density, probably as a 

consequence of richer soils and higher mean annual precipitation, allowing for a more 

complete development of Caldén trees. C stocks per unit area tend to decrease towards 
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the west, were soils become sandier, less fertile and rainfall decreases. Historically, the 

area located around 36 degrees south and 65 west, has been considered the prime area 

for Caldén tree development, but our map for 2009 does not show stands in that region 

having higher C density, which would be expected of trees growing at their full 

potential. Other factors such as management and fires, could be generating the patterns 

we observe. 

Some studies have suggested that variable selection may be more important than 

model selection for prediction accuracy of ecological models (Hudak et al., 2008). The 

best model to predict tree cover only contained 9 of the 38 variables initially considered: 

tasseled cap from summer and winter, elevation, slope and mean annual temperature. 

We were surprised to find that this simple model performed slightly better than the full 

model with all 38 variables. However, other studies have found the same pattern, 

particularly if there is multicollinearity among explanatory variables (Evans and 

Cushman, 2009; Murphy et al., 2010), like in our case. This highlights the importance of 

careful variable selection, even when using approaches like RF, which are better suited 

to deal high large datasets and large numbers of variables (Brosofske et al., 2014).  

The first three tasseled cap indices captured most of the information contained in 

the Landsat bands and computed vegetation, humidity and soil indices The TCI 

transformation converts the six reflective bands of Landsat TM into three orthogonal 

components (Crist and Kauth, 1986). The first component (brightness) expresses 
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differences in soil properties; the second (greenness) is well correlated with tree canopy 

cover, leaf area index and live biomass; and the third component (wetness), is sensitive 

to soil and plant moisture (Crist, 1985). TC has been found successful at identifying tree 

canopy cover in woodlands, yielding a robust and easily interpretable model (Carreiras 

et al., 2006), and also for improving vegetation characterization in woodlands of 

different density due to their sensitivity to phenological changes (Dymond et al., 2002). 

Brightness, both from the summer and winter, was consistently identified as the single 

most important variable contributing to the prediction of tree cover. TC brightness tends 

to be higher in sites with lowest tree canopy cover; the opposite happens for the 

greenness and wetness (Carreiras et al., 2006). The differences in brightness between 

trees and background grasses seems to be the best feature for identifying percent tree 

cover in this semiarid savanna ecosystem. 

The sampling pattern implemented allowed us to obtain several insights on the 

performance of RF: the effect of sample number, grain size, and spatial pattern of sample 

on model precision and accuracy. The 100 16 km2 quadrats used to train RF produced 

cluster correlated data, each cluster represented by the pixels in each of the 100 quadrats. 

Failure to account for correlation among observations may results in algorithms over 

fitting the training data and producing overoptimistic error estimates (Karpievitch et al., 

2009). Even when RF has been proven to overcome this problem by averaging across 

different decision trees (Breiman, 2001), we wanted to find the smallest sample number 



 

80 

possible that would give us accurate results for two main reasons: 1) To minimize any 

spatial clustering effect, making the sample as randomly distributed as possible, and 2) 

Because processing requirements increased exponentially with sample number. The best 

model (with 9 variables) took only 0.03 minutes to run with 500 sample points, while it 

took 1800 minutes with 300,000 sample points (Intel Core i7 2.5 GHz, 16 GB RAM). Our 

analysis indicated that a sample of ~ 10% of the original universe of pixels available to 

train the model was enough for RF to generate a precise model, this would indicate that 

a sample of approximately 0.4% of the study area would be enough to predict tree cover 

and C in this region.  

The zonal analysis indicated that having the same sample number, but 

distributed over two different spatial patterns would affect the explained variance 

obtained from RF itself, and also the RMSE obtained from an independent sample. 

When we used the Zonal sampling pattern, RF explained variance was higher than the 

one obtained when both the build and test samples were taken from all the 100 zones. 

However, RMSE was higher in these models, as compared to random set of models 

(Figure 12). This highlights two important aspects. First, that it is important not only to 

evaluate model performance based on the explained variance reported by RF alone, but 

also by the estimation of errors using an independent sample set not used for building 

the model. And second, that increasing the sample number in the Zonal pattern did not 

reduce RMSE as evaluated from an independent sample. This raises an old dilemma, 
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what is preferred? To build the best model possible (i.e. with all the data available) at the 

cost of overestimating model performance or to obtain precise error estimations while 

obtaining models with lower predictive capabilities? The answer will depend on the 

project objectives. Tree biomass and C models built by scaling field measurements, 

LiDAR derived measurements and tree cover canopy models like the one used here, 

should explicitly address this issue to correctly assess and report model performance. 

 

4.5. Conclusion 

We successfully generated a precise spatially explicit tree C model for the 

Caldenal savannas making use of freely available high and moderate resolution satellite 

images. Our results proved to have precision similar to more highly sophisticated 

models generated using LiDAR data, however its reliance on intensive user input in the 

critical step of identifying tree canopy from panchromatic images, could prove a 

limitation for its application in regions were technical consistency is lacking. Even when 

RF is able to deal with large datasets and numerous explanatory variables, variable 

selection is still important, for the interpretability and accuracy of the model. Monitoring 

of tree canopy and C content in savannas ecosystems is needed to better quantify the 

complete effects of natural ecosystems dynamics in the global cycle. Satellite LiDAR 

could be the prime tool in the near future to monitor ecosystem C stocks, but while that 
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technology becomes broadly available, very high resolution images can successfully be 

used to monitor tree cover and C in savanna ecosystems.  
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5. Concluding remarks 

5.1 Changes in the Caldenal savannas 

The Caldenal Savannas were described in the first physiognomic descriptions as 

an open system with tree stands scattered in a matrix of grasses. However, the 

ecosystem we find today, a hundred and some years later, differs greatly from that first 

image. In this dissertation, I have generated for the first time, a regional woody plant 

cover model for the Caldenal as it looked 120 years ago, right before the massive 

immigration of new settlers in the region, and assessed the changes that happened in 

since then. 

At the regional scale, and between 1880s and 2000s, in vast portions of the 

landscape (12,200 km2 or 14.2% of the area) woody plants are now covering areas 

previously occupied by grasslands. Woody plant encroachment was more likely in 

places at higher elevation, steeper slopes, less productive soils and closer to historic 

Native American trails. These conditions are found primarily in the central portion of 

the Caldenal, where cattle herding is the main economic activity. Woody plant 

encroachment has been less likely towards the east because the conversion to agriculture 

limited the development of woody plants, and towards the west because of reduced 

water availability. The reasons for this change can be many, but the most likely seems to 

be introduction of cattle, which alters competition between grasses and woody plants, 
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changes in fire regimes, removal of the largest trees for firewood and increases in 

regional rainfall over the last century.  

While in some areas woody cover has increased in the last century, in others 

there has been loss of woody cover and natural grasslands. Approximately 5,000 km2 of 

woodlands in the 1880s had been converted to cropland by the 2000s, and 7,000 km2 to 

pastures. Conversion to agriculture was associated with richer soils, higher water 

availability and closer distance to cities, while conversion to pastures was associated 

with drier sites and at distant locations from urban centers.  

At coarse scales, the Caldenal savannas have gain in woody plant cover in some 

areas, and lost in others, resulting in an almost constant woody plant cover in the last 

120 years. Yet at finer scales more subtle changes are also occurring. The spatial pattern 

analysis between the 1960s and 2009, shows that tree cover increased from 11.6 to 14.7 % 

in the last 60 years. But most importantly, the spatial pattern of that tree cover 

significantly changed. Tree patches (i.e. units of coalescent trees) were smaller in the 

1960s as compared to 2009, while a much more aggregated spatial pattern is identified in 

2009. The broad ecosystem functioning and biodiversity consequences of this change in 

spatial configuration have not been studied until now, but we do know that this change 

has important implications in terms of ecosystem C accumulation. 

Given the extent of the changes in woody plant cover in this region, it was 

important to understand the consequences of those changes in total ecosystem C 
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accumulation. The field survey results indicated that total ecosystem C stocks increased 

along the woody plant cover gradient (from 4.5 kg C / m2 in grasslands to 16.4 kg C / m2 

in closed forests). As expected in semiarid regions, soil organic C was the largest C pool 

in this ecosystem, followed by tree C. The results from this field surveys are important, 

for the implementation of regional land use programs targeted at the accumulation of C 

in natural ecosystems. However, the cost, time and expertise needed to obtain this 

information can be prohibitive for most land owners or agencies to replicate in every 

property. For this reason, the models created can be used to predict soil, tree and 

ecosystem C stocks based on only a few easily measured variables such as woody plant 

cover and soil silt content. These models can potentially be used to predict C stocks with 

the use of remotely sensed and auxiliary data for the savanna ecosystem. 

Programs aimed at enhancing C accumulation and storage in natural ecosystems, 

such as payments for ecosystems services or reduced emissions from deforestation and 

forest degradation (REDD), are being developed world wide as a mechanism to reduce 

the increase in atmospheric CO2 concentration. Several weaknesses to these programs 

have been identified, such as the occurrence of leakage and the difficulty of identifying 

the target manager in regions where land ownership is not clearly established. However, 

the single most important element for the successful implementation of such programs 

is the availability of reliable monitoring systems which can assess the efficacy of the 

different management practices. Spatially explicit models of tree biomass and C at 
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appropriate spatial resolution are key to enforce these programs. I was able to develop a 

regional tree C model at 60 m spatial resolution for the northern portion of the Caldenal 

savannas. Using the C stocks measured in the field, high spatial resolution panchromatic 

images and Landsat I was able to predict C stocks at a 50,000 km2 area if a mean error of 

~35 %, comparable to that obtained in other regions using more sophisticated and costly 

methods such as airborne LiDAR. 

Savanna ecosystems provide myriad benefits to society: from the conservation of 

biodiversity, production of food, climate control, to the accumulation of C in the form of 

tree biomass and soil organic C primarily. In this dissertation I described the spatio-

temporal dynamics of woody plant cover, finding that in the last 120 years the Caldenal 

savannas have been very dynamic, with large areas experiencing gains in woody plant 

cover and others loss. Woody plant encroachment has functioned as an important C 

sink, storing ~96 TgC in the last 120 years. However, that sink has not been large enough 

to compensate the release of C from conversion to pasture and crops (~167 TgC), 

generating a regional estimated net loss of ~71 TgC. Losses that could be even larger if, 

as predicted, energy crops triggered a new land cover change phase in this region. This 

region has the potential to function as an important C sink, however, management 

practices which favor the provision of the different ecosystem services society values, 

need to be put in place for that to become a reality. 
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5.2. Global savannas dynamics  

The trends we found in the Caldenal savannas are not unique, and fit into the 

global pattern of encroachment and conversion open systems have experienced for the 

last century. The future of savannas in the context of global environmental change is not 

certain. On the one hand, we are seeing a reduction in savannas thanks to woody plant 

encroachment (in semi-arid regions) and agriculture conversion (in relatively wet areas). 

And this reduction has made savannas and grasslands some of the most threated 

ecosystems worldwide. On the other hand, climate change models predict that new 

savannas will emerge in areas currently covered by forests. Portions of the Amazon, for 

example, will shift to more open woodlands and savannas thanks to increases in 

temperature and reduction in rainfall. This seems to indicate that the spatial distribution 

of savannas will change greatly in the next century, although the consequences of that 

change are greatly uncertain since we still do not know if species will be able to adapt or 

migrate fast enough to cope with changes in environmental conditions. 

 

5.3. Savannas conservation 

 Savannas are among the most threatened ecosystems worldwide, thanks to a 

combination of woody plant encroachment, high conversion rates, soil degradation and 

lack of formal protection in the form of protected areas. The existence of global factors 

affecting the structural composition of this systems, adds a new layer of complexity to 
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this issue. Even if we were to create protected areas, it is very likely that savannas will 

become denser, and as a consequence the species composition and ecosystem 

functioning will change. So this raises an important question: What are we to preserve? 

Should we preserve ecosystems as they looked one or two hundred years ago? Should 

we preserve the processes? And as a consequence let the system change as the global 

drivers change? There is no single answer to this questions. It is important however, to 

think about this issues in the context of global environmental change. Where no longer 

land use change is the sole threat to the conservation of biodiversity. In the near future, 

changes in climate and atmospheric composition will play a major role, of which we 

have started seeing some signs already. 

 

5.4. Savannas remote sensing 

 The spatially heterogeneous nature of savannas adds a layer of complexity to the 

use of remotely sensed products. When using raster images, ideally one would want to 

have pure pixels describing the properties of the land surface, but this almost impossible 

in savannas were individual trees are immerses in a matrix of grasses, unless we use 

images of spatial resolution high enough to identify individual trees. For this reason we 

wanted to explore in this project, the usefulness of high spatial resolution images for 

quantifying tree cover and tree C stocks. We were able to obtain relatively accurate 

estimates of both parameters for our study area in the Caldenal Savannas. Although a 
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high level of technical expertise was needed. This method could potentially be used in 

other regions were ecosystem structure is also relatively open, and where tree canopies 

can be differentiated from grassland cover based on the differential reflectivity of the 

two types of vegetation. There is also high potential for improvement, if instead of 

panchromatic images, like the ones I used, multi or even hyperspectral images were 

used. This would allow for a more precise differentiation between the woody and grass 

component, and even of different species. The method would also be improved if 

instead of high resolution images (2.5 m resolution), hiper-spatial images (resolution in 

the centimeters) were used. Although with higher resolutions, both spatial and spectral, 

storage capacity and processing requirements increase significantly, so the trade of 

between time, processing requirements and resolution should be further explored. 

Tree biomass and monitoring techniques need to have high levels of precision, 

but also be cost effective. Remote sensing is, in general, more cost effective than methods 

based solely on field surveying. However, even within the remote sensing products 

there is a wide cost range. LiDAR is without a doubt the most precise method for 

characterization of tree biomass in forests and savannas, but the lack of a satellite based 

sensor which could offer regular monitoring hinders the its use in many regions were 

monetary resources are scarce. Until such a sensor becomes available (expected within 

the next few years), a combination of airborne LiDAR sampling, field work and high 
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spatial resolution images could be implemented to provide continues monitoring of tree 

biomass and C at frequent time steps (months to years).  
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