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A B S T R A C T   

Forest loss in the tropics affects large areas, but whereas full forest conversions are routinely assessed, forest 
degradation patters remain often unclear. This is particularly so for the world’s tropical dry forests, where remote 
sensing of forest disturbances is challenging due to high canopy complexity, strong phenology and climate 
variability, and diverse degradation drivers. Here, we used the full depth of the Landsat archive and devised an 
approach to detect disturbances related to forest degradation across the entire Argentine Dry Chaco (about 
489,000 km2) over a 30-year timespan. We used annual time series of different spectral indices, summarized for 
three seasonal windows, and applied LandTrendr to temporally segment each time series. The resulting pixel- 
level forest disturbance metrics then served as input for a Random Forests classification which we used to 
produce an area-wide disturbance map, and associated yearly area estimates of disturbed forest. Finally, we 
evaluated disturbance trends in relation to climate and soil conditions. Our best model produced a disturbance 
map with an overall accuracy of 79%, with a balanced error distribution. A total of 8% (24,877 ± 860 km2) of the 
remaining forest in the Argentine Dry Chaco have been affected by forest disturbances between 1990 and 2017. 
Diverse spatial patterns of forest disturbances indicate a variety of agents driving disturbances. We also found the 
disturbed area to vary strongly between years, with larger areas being disturbed during drought years. Our 
approach shows that it is possible to robustly map forest disturbances in tropical dry forests using Landsat time 
series, and demonstrates the value of ensemble approaches to capture spectrally-complex and heterogeneous 
land-change processes. For the Chaco, a global deforestation hotspot, our analyses provide the first Landsat-based 
assessment of forest disturbance in remaining forests, highlighting the need to better consider such disturbances 
in assessments of carbon budgets and biodiversity change.   

1. Introduction 

Tropical dry forests (TDF) are widespread but typically receive less 
attention in research and policy-making than moist rainforests (Miles 
et al., 2006; Schröder et al., 2021). This is unfortunate, as many TDF 
regions today contain little forest cover due to the historically wide
spread conversion of forest to agriculture. Where sizable areas of TDF 
still exist, they are typically under substantial conversion pressure 
(Miles et al., 2006; Portillo-Quintero and Sánchez-Azofeifa, 2010). 
Moreover, even those forests that are spared from conversion are under 

high, and often rising, human influence, as a range of land-use activities 
lead to forest degradation within them (Sánchez-Azofeifa et al., 2005). 
These activities include selective logging, fuelwood collection, charcoal 
production, mining, forest grazing and anthropogenic fires (Miles et al., 
2006; Murdiyarso et al., 2007; Sasaki and Putz, 2009; Schneibel et al., 
2017). Understanding how such land-use activities contribute to tropical 
dry forest degradation is therefore important, given the critical ecolog
ical state of many TDF. 

Forest degradation is the process leading to the permanent deterio
ration in the density, composition or structure of forest cover (Grainger, 
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1993). These changes can have widespread and major impacts on 
ecosystem functioning, biodiversity and ecosystem services (Watson 
et al., 2018). For instance, degraded forests store and sequester less 
carbon (Pan et al., 2011) and sustain less biodiversity (Betts et al., 2017; 
Gibson et al., 2011) than undegraded forests, and forest degradation 
might threaten indigenous communities that depend on intact forests 
(Rozzi, 2012). Monitoring forest condition and uncovering drivers of 
forest degradation is therefore important to understand the wider social- 
ecological implications of degradation, particularly considering that 
degradation is a widespread phenomenon in the tropics (Asner et al., 
2005; Pearson et al., 2017). Having accurate estimates of forest degra
dation is furthermore needed to inform and implement global and na
tional climate mitigation initiatives, such as the United Nation’s (UN) 
Reducing Emissions from Deforestation and Forest Degradation 
(REDD+) programme (Goetz et al., 2015). Nonetheless, we still lack 
robust information on the extent of degraded forests, mainly due to the 
conceptual and technical challenges related to detecting and mapping 
degradation (Da Ponte et al., 2015; Sasaki and Putz, 2009). 

Degradation is typically assumed to be caused by an increase in 
anthropogenic disturbance (Lambin, 1999). A wide range of land-use 
activities that disturb forest structure and biomass can lead to 
declining productivity, canopy cover and stand complexity (Grainger, 
1993). An important step to understand forest degradation is therefore 
the reliable monitoring of disturbances in forest canopies that are the 
result of degradation drivers, such as selective logging or anthropogenic 
fires (Hethcoat et al., 2019; Hirschmugl et al., 2014; Matricardi et al., 
2010; Souza et al., 2005). Detecting such canopy disturbances in tropical 
forests with remote sensing can be challenging though, as disturbances 
have diverse impacts on forest structure, leave varying tree cover, and 
occur in diverse patch sizes, ranging from individual trees taken out to 
large forest fires. Moreover, some disturbances disappear quickly as 
forests recover, while others last for a long time (Hirschmugl et al., 
2014). Because many forest disturbances associated with forest degra
dation result in subtle and gradual canopy changes, they can easily be 
confused with phenology or natural fluctuations in forest condition, for 
instance due to varying rainfall (Cohen et al., 2010; Lambin, 1999). The 
latter is particularly important for TDF regions, which experience 
marked interannual climate variability (Murphy and Lugo, 1986). 
Robust monitoring of forest degradation in TDF therefore requires 
appropriate methodologies to deal with this complexity, but such 
methodologies are overall missing. This translates into a paucity of 
knowledge on degradation trends in TDF (Morales-Barquero et al., 2015; 
Sánchez-Azofeifa et al., 2005; Sánchez-Azofeifa and Portillo-Quintero, 
2011). 

Analysing long time series of images can provide a quasi-continuous 
history of forest disturbance and regeneration (Da Ponte et al., 2015). 
Such long, decadal time series are thus potentially well-suited to capture 
forest degradation trends. With its open data policy and long time span, 
the Landsat archive provides time series at spatial resolution fine enough 
to monitor forest degradation (Woodcock et al., 2020). In addition, 
many algorithms have been developed to automatize forest-disturbance 
assessments, such as the Landsat-based detection of Trends in Distur
bance and Recovery (LandTrendr; Kennedy et al., 2010), the Breaks for 
Additive Season and Trend (BFAST; Verbesselt et al., 2010), the 
Continuous Change Detection and Classification (CCDC; Zhu and 
Woodcock, 2014), or the Vegetation Regeneration and Disturbance Es
timates through Time (VeRDET; Hughes et al., 2017) algorithms. 
Application of these algorithms has recently also moved from using time 
series of individual indices (e.g., band 5, NDVI, NBR) towards employing 
ensembles approaches that have considerable potential for capturing 
disturbances (Bullock et al., 2019; Cohen et al., 2018; Healey et al., 
2018; Schultz et al., 2016). Two types of ensemble approaches have 
been tested: spectral ensemble approaches, where individual 
disturbance-detection runs are done for different spectral bands or 
indices using one algorithm, and then a classifier derives the final 
disturbance product (Cohen et al., 2018; Wang et al., 2019), or an 

algorithm ensemble approach, where the output from multiple 
disturbance-detection algorithms is used to feed the classification 
(Healey et al., 2018; Hislop et al., 2019; Saxena et al., 2018). While these 
studies show that ensemble techniques can produce more accurate forest 
disturbance maps, such approaches have not been tested to map dis
turbances and forest degradation for a large TDF area. 

One TDF region where trends and patterns of forest degradation 
remain poorly understood is the South American Gran Chaco. Here, 
alongside the massive and relatively well-understood conversion of 
forest to agriculture that has happened since the 1990s (Baumann et al., 
2017; Gasparri and Grau, 2009; Grau et al., 2005; Piquer-Rodríguez 
et al., 2018), a variety of land uses inside remaining forests cause forest 
degradation (Adamoli et al., 1990; Bachmann et al., 2007; Bucher and 
Huszar, 1999; Cabido et al., 2018; Grau et al., 2008; Torrella and 
Adámoli, 2005). However, the extent, severity, and timing of forest 
disturbances potentially associated with degradation have never been 
quantified for larger regions in the Chaco. Better information about the 
broad-scale patterns of forest condition would be important, as forests 
continue to be lost at alarming rates. 

Focussing on the entire Argentine Dry Chaco (489,000 km2), our goal 
was to identify rates and patterns of forest disturbances in remaining 
Chaco forests. Specifically, our objectives were to:  

1. assess the usefulness of a range of Landsat-based spectral indices and 
time periods over which metrics are calculated to capture forest 
disturbances in TDF.  

2. map forest disturbances potentially related to forest degradation 
across the entire Argentine Dry Chaco.  

3. assess the extent and spatiotemporal patterns of forest disturbance 
across the Dry Chaco, generally and in relation to rainfall and soil 
patterns. 

2. Study area 

The Gran Chaco is the largest remaining continuous tropical dry 
forest of the world (Olson et al., 2001). We focus on 489,000 km2 study 
area in the Dry Chaco in northern Argentina, which was covered by 
about 370,000 km2 of forest at the beginning of our study period in 
1987. Climate in the Dry Chaco is strongly seasonal, with a distinct dry 
season between May and September, and a hot, rainy season from 
November to April. Annual rainfall ranges from 1,200 mm in the east to 
450 mm in the west and the average temperature is around 22 ◦C 
(Minetti, 1999). The area is characterized by flat terrain, except for the 
west and southwest where hilly terrain prevails. Vegetation consists of a 
mosaic of xerophytic forests, open woodlands, scrubs, savannas and 
grasslands. Characteristic tree species belong to the generum Schinopsis, 
in particular S. balansae (“Quebracho colorado chaqueño”), 
S. quebracho-colorado (“Quebracho colorado”), S. hankeana (“Horco 
quebracho”). Also forests of Bulnesia sarmentoi (“Palo santo”) are char
acteristic and those dominated by Aspidosperma quebracho-blanco 
(“Quebracho blanco”). Trees of Prosopis spp. (“Algarrobos”) are also 
very common. The shrub layer is dominated by species of the genus 
Acacia, Mimosa, Prosopis, Celtis, and cacti Opuntia and Cereus. Some sa
vannas are also present, dominated by grasses Elionorus muticus or 
Spartina argentinensis, and palm savannas of Copernicia alba. (Bucher, 
1982; Cabido et al., 2018; Prado, 1993). 

During the last decades, the Chaco experienced dramatic forest loss 
caused by agricultural expansion (Fehlenberg et al., 2017; Gasparri and 
Grau, 2009). In addition, several land-use activities lead to forest 
degradation. Logging, charcoal production, fires and overgrazing are the 
main drivers of degradation. Logging can be related to the production of 
firewood, fence poles, tannin or charcoal (Bachmann et al., 2007; Rueda 
et al., 2015), typically leading to the extraction of large trees (e.g., 
Schinopsis lorentzii and Aspidosperma quebracho-blanco). Because logging 
historically has often been unsustainable, a simplification of forest 
structure and composition, and a shift to shrub-dominated communities 
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has happened in many places in the Chaco (Torrella and Adámoli, 2005). 
Fire, although a natural and ecologically important disturbance agent in 
the region (Adamoli et al., 1990), is another key driver of forest 
degradation (Bachmann et al., 2007). Fire is used to promote the 
regrowth of grasses on pastures, to burn waste on fields, and to convert 
forest into agricultural land (Bachmann et al., 2007). In all these cases, 
fires can escape to nearby forest, causing degradation. Likewise, fire is 
often used as a management tool to clear the shrub layer and to facilitate 
the extraction of partly burnt trees for fuelwood and charcoal (Zak et al., 
2004). Finally, forest grazing exerts considerable pressure on forest in 
the Chaco. Forest grazing is a traditional management practice related to 
small-scale cattle ranching that largely affects the forest (Grau et al., 
2008; Macchi and Grau, 2012). Grazing pressure alters the herbaceous/ 
woody vegetation dynamic by favouring shrubs (Adamoli et al., 1990) 
leading to the virtual elimination of grasses and a dominance of shrubs 
and small trees (Torrella and Adámoli, 2005). 

3. Data and methods 

Our methodology consisted of four main steps (Fig. 1). In step 1, we 
built annual time series of Landsat-derived indices to which we then, in 
step 2, applied temporal segmentation to extract disturbance metrics per 
pixel. In a third step, we used a random forests classifier, trained with an 
extensive reference dataset, to map disturbances for each spectral index, 
as well as for the ensemble of all indices. In our final and fourth step, we 
used the best-performing model and associated disturbance map to es
timate yearly disturbed areas using an unbiased estimator based on an 
independent set of reference points. 

3.1. Annual composites of spectral indices 

In the first step, we derived consistent time series of a range of 
spectral-temporal metrics based on all available Landsat imagery. To do 
that, we collected all available Landsat TM, ETM+ and OLI images for 
the period 1987–2017 as Collection 1 Tier 1 surface reflectance data in 

Google Earth Engine. These data are atmospherically corrected, have the 
lowest geo-registration errors and come with a pixel Quality Assessment 
(QA) band based on CFMask (Foga et al., 2017). We masked out all 
clouds and cloud shadows using the respective QA band values and 
applied the coefficients by Roy et al. (2016) for cross-calibration of SR- 
values between OLI and ETM+ data. We also calculated a set of spectral 
indices, specifically the Tasselled Cap Wetness (TCW, Kauth and 
Thomas, 1976), the Normalized Burn Ratio (NBR, Key and Benson, 
1999), and the Normalized Difference Moisture Index (NDMI, Gao, 
1996). We then subdivided for each year of our study period the yearly 
image collection into three seasonal image collections (February-April, 
May-July, August-October), and calculated for each period the medoid 
(Flood, 2013) of our spectral indices. The choice of these intervals 
resulted from consideration about the phenology of our system: we 
targeted the beginning of the dry season (May-July) because this is the 
time when herbaceous vegetation is dry, but trees have not shed their 
leaves yet. However, this period is also phenologically dynamic, which 
makes trend analyses more sensitive to false disturbance detections, 
depending on data availability. Therefore, we decided to also test the 
interval before and after (February-April and August-October) when 
vegetation phenology is relatively stable. This resulted in a set of 9 
annual medoid time stacks (i.e., 3 indices × 3 seasons), which served as 
input for the LandTrendr segmentation. We masked all index stacks to 
exclude areas that had not been forest in our study period using a forest 
mask from the onset of our study period (Baumann et al., 2017). 

3.2. Disturbance metrics 

We then applied LandTrendr, as implemented in Google Earth En
gine, to each of our nine stacks (Kennedy et al., 2018). LandTrendr is a 
temporal segmentation algorithm that fits spectral trajectories on a 
pixel-per-pixel basis, using regression methods and point-to-point fitting 
across the annual time series of values (Kennedy et al., 2010). Land
Trendr works by iteratively identifying a set of vertices and then fitting 
linear segments between them in order to obtain a continuous trajectory 

Fig. 1. Workflow of our analysis to map disturbances related to degradation in the tropical dry forest of the Argentine Gran Chaco.  
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through the time series (see Kennedy et al., 2010 for details). The result 
of this procedure is a simplified, piece-wise representation of the annual 
time series. Based on these time series, a number of metrics can be 
derived, such as the number and length (in years) of segments, their 
slope, and the years corresponding to segment vertices. 

LandTrendr requires tuning several parameters (Table 1). We did this 
by visually inspecting samples at exemplary regions where key distur
bance processes, including selective logging and fire, were known to 
occur. These exemplary regions were derived from the literature, 
pointed out by local experts (including co-authors with 10+ years of 
field experience in the Chaco) or identified on very high-resolution 
images on Google Earth. We visually evaluated how different parame
ters changed the trajectory fitting for these exemplary regions, and 
chose the parameter combination that across samples visually resulted 
in the best time series segmentations (Table 1). Thus, this segmentation 
procedure resulted in a distinct set of disturbance metrics for each of the 
nine annual time series (in Fig. 2 examples of the TCW segmentation). 
We selected the following metrics describing the segment with the 
highest magnitude (in the direction of forest loss): (1) the index value for 
the year before the beginning of the disturbance (hereafter: prevalue), (2) 
the delta of the values of the index between the beginning and end of the 
disturbance (magnitude) and (3) the segment duration (duration). We did 
not apply a threshold filter for the disturbance magnitude (e.g., to 
disregard low magnitude disturbances). As such, the disturbance metrics 
included gradual as well as abrupt disturbances (and noise) at this step 
in our analyses. 

3.3. Disturbance mapping 

In our third step, we used our LandTrendr disturbance metrics as 
input for our forest disturbance classification. To generate the training/ 
validation dataset, we used a stratified sampling design where we first 
trained an initial random forests classifier with an opportunistically 
collected training sample and then we used the disturbance magnitude 
class of this initial classification as strata for our sampling. We did this to 
ensure that our training/validation dataset contained the full range of 
disturbance magnitudes and a range of different disturbance severities. 
We then randomly sampled 80 samples per strata (=800 samples in 
total). We then used the visualization and data collection tool TimeSync 
(Cohen et al., 2010) to interpret the temporal trajectories at the sample 
locations. TimeSync facilitates visual interpretation of temporal dy
namics in time series, allowing the simultaneous visualization of: (a) 
Landsat images chips of an area of interest around the target pixel, (b) 
spectral properties of the pixel time series plotted as a trajectory across 
time, and (c) very-high-resolution imagery available in Google Earth. A 
total of 781 samples were successfully interpreted, where 377 samples 
represented disturbances at any point in time and 404 samples repre
sented undisturbed areas (19 samples were discarded as they were 
inconclusive). We then combined our training data together with the 
LandTrendr disturbance metrics (i.e., prevalue, magnitude, and dura
tion) in a random forests classification scheme (Breiman, 2001). We 
refer to this procedure as secondary classification (Cohen et al., 2018; 
Wang et al., 2019). All classifications were based on the outputs of 500 

decision trees. 
To evaluate how the choice of the seasonal window and vegetation 

index influenced detection accuracy, we build separate random forests 
classification models for each of the nine index-season combinations, as 
well as one ensemble model based on all nine predictor sets (3 distur
bance metrics × 9 combinations = 27 variables). We evaluated the 
classification performance for all 10 classification models following the 
good practices for accuracy assessment suggested by Olofsson et al. 
(2014). We used the out-of-bag (OOB) random forests prediction to 
generate confusion matrices and estimate the overall accuracy and the 
omission and commission errors. Because random forests takes a boot
strap sample for every tree, the out-of-bag samples can be used for an 
unbiased estimate of accuracy (Breiman, 2001) In remote sensing 
studies, resampling techniques are increasingly used to estimate map 
accuracy, whereas accuracies estimated from single hold-out test data
sets are likely to suffer from large variances (Lyons et al., 2018). Finally, 
we used the best-performing model to generate our final, binary 
disturbance map (disturbed vs. undisturbed forest). 

3.4. Estimating the area of annually disturbed forest 

Our ensemble approach provides a consensus map of disturbance 
happening at any point in our time period, but does not directly yield 
information on the year of disturbance. To assign a disturbance year to 
the ensemble map, we used the disturbance year from the LandTrendr 
segmentation of the best-performing individual disturbance model (i.e., 
the best performing spectral index and seasonal window). Since we were 
interested in forest disturbance, but not the permanent conversion from 
forest to agriculture, we masked converted areas from our analysis using 
the map by Baumann et al. (2017). Therefore, for all subsequent ana
lyses, our map did not include converted areas (i.e. areas cleared and 
followed by agricultural land use), but only forest disturbances 
happening inside forests, thus forest changes that did not result in a 
change of the land use. We hence attributed the year of disturbance from 
the best single model to all disturbed pixels of the map resulting from the 
ensemble classification. We did this only for disturbances occurring after 
1989, as disturbance detection in the first two years of time series is 
typically unreliable (Cohen et al., 2017). 

To estimate the area that was disturbed in each year between 1990 
and 2017, we again followed best-practice guidelines (Olofsson et al., 
2014) and estimated the area based on an independent set of reference 
locations. We collected a second stratified random sample because the 
size of our first reference sample was not sufficiently large to estimate 
disturbed area annually, using the disturbance years in the final (best) 
disturbance map as strata, using 30 points per strata (=a total of 840 
samples as there were 28 years in our times series where disturbance can 
occur). Each sample was interpreted with TimeSync, labelling the year 
of disturbance. We then used an unbiased stratified estimator to adjust 
for possible sampling bias and calculated unbiased area estimates and 
associated confidence intervals for each year between 1990 and 2017 
(Olofsson et al., 2014; Stehman, 2013). 

3.5. Comparison with environmental variables 

To further assess disturbance patterns, we investigated the rela
tionship between rainfall and soils on the one hand, and disturbances on 
the other. To assess the relationship of rainfall and disturbance over 
time, we used the Climate Hazards Group InfraRed Precipitation with 
Stations data (CHIRPS) time series, which blends infrared geostationary 
satellite observations with in situ station observations to produce 
monthly grids of precipitation (Funk et al., 2014). We calculated total 
annual precipitation, averaged across the study region, and compared 
this time series with our time series of disturbed forest area. We fitted a 
linear regression, using total disturbed area as response and average 
annual precipitation as explanatory variable, and derived residuals. 

To explore this relationship further in space, we used the 

Table 1 
Values used for LandTrendr parametrization on Google 
Earth Engine.  

Parameter Value 

maxSegments 6 
spikeThreshold 0.9 
vertexCountOvershoot 3 
preventOneYearRecovery true 
recoveryThreshold 0.25 
pvalThreshold 0.05 
bestModelProportion 0.75 
minObservationsNeeded 6  
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Standardized Precipitation Index (SPI) (Mckee et al., 1993) derived from 
CHIRPS data and compared it with our map of disturbances. SPI values 
are expressed in standard deviations by which the observed anomaly 
deviates from the long-term mean. Positive SPI values indicate wet 
conditions and negative values indicate dry conditions. SPI time series 
based on CHIRPS data were found to accurately reproduce the occur
rence and spatial patterns of wet and dry conditions in Central-Western 
Argentina (Rivera et al., 2019) and in southern South America (Penalba 

and Rivera, 2015). We created SPI maps using the Climate Engine tool 
(Huntington et al., 2017) using a 10-month time-scale (covering the 9 
months for which we calculated our spectral-temporal metrics, plus one 
month before). In addition, we also compared total disturbances with 
general (average) rainfall patterns by summarizing disturbance for 100- 
mm-rainfall classes, ranging from 200 mm to 1300 mm. Finally, we 
summarized disturbances for soil classes using a soil map from the 
Argentine Instituto Nacional de Tecnología Agropecuaria (INTA). 

Fig. 2. Three examples of land-use practices leading to forest disturbances, as seen in very-high-resolution satellite images in Google Earth (left), as well as in time 
series of Tasselled Cap Wetness (TCW) medoids calculated over May-July (right; original annual values in green, values fitted with LandTrendr in yellow). (A) logging 
for charcoal production (note that the charcoal kiln is also visible); (B) selective logging of valuable tree species; (C) fire. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of this article.) 

Table 2 
Overall accuracy, omission and commission errors of the disturbance detection. The detection of disturbances was based on random forests classifications of 
LandTrendr-based disturbance metrics, derived for nine combinations of three spectral indices (Tasseled Cap Wetness, Normalized Burn Ratio and Normalized Dif
ference Moisture Index) and three time intervals, as well as an ensemble model over all these variables.  

Index/season model Overall accuracy (%) Class errors (%)   

Disturbed Undisturbed 

Commission Omission Commission Omission 

TCW_Feb_Apr 73.0 35.2 33.0 21.5 23.2 
TCW_May_Jul 75.4 31.9 30.5 19.7 20.8 
TCW_Aug_Oct 72.6 35.3 34.7 22.3 22.7 
NBR_Feb_Apr 69.0 39.2 42.4 26.1 23.7 
NBR_May_Jul 71.8 35.2 39.5 24.2 20.9 
NBR_Aug_Oct 71.2 36.1 39.9 24.5 21.6 
NDMI_Feb_Apr 65.7 43.4 48.4 29.2 25.2 
NDMI_May_Jul 69.4 37.8 45.2 26.8 21.2 
NDMI_Aug_Oct 66.4 42.4 47.8 27.9 24.6  

Ensemble model 78.7 27.3 27.4 17.5 17.4  
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4. Results 

All nine models that we tested for detecting forest disturbances, 
based on three disturbance metrics derived for one of the combinations 
of vegetation indices (NDMI, TCW, NBR) and temporal windows (fall, 
winter, spring), yielded moderate to high detection accuracies. Overall 
accuracies for individual indices and seasons ranged from 65.7% (NDMI, 
Feb-Apr) to 75.4% (TCW, May-Jul), with an average accuracy of 71.3% 
(Table 2). Model performance was generally highest for TCW-based 
models and lowest for NDMI-based models. There was also a clear 
pattern in terms of seasons, with composites derived for May-July 
generally resulting in higher accuracies than composites from other 
time periods, regardless of the specific index. Validating these models 
showed that our disturbance detection generally yielded balanced error 
distributions, with commission errors ranging between 31.9% (TCW, 
May-Jul) and 43.4% (NDMI, Feb-Apr), and omission errors ranging be
tween 30.5% (TCW, May-Jul) and 48.4% (NDMI, Feb-Apr). Uncertainty 
was lower for the undisturbed class, with commission errors ranging 
between 19.7% (TCW, May-Jul) and 29.2% (NDMI, Feb-Apr), and 
omission errors ranging between 20.8% (TCW, May-Jul) and 25.2% 
(NDMI, Feb-Apr). 

Combining all indices in an ensemble model outperformed any 
single-index model. The ensemble classification model, using all 27 
variables (3 indices × 3 seasons × 3 disturbance metrics), had the 
highest overall accuracy (79%) as well as the lowest commission error 
(27.3% for the disturbed class, 17.5% for the undisturbed class) and 
omission error (27.4% for the disturbed class, 17.4% for the undisturbed 
class) compared to the models based on disturbance metrics from a 
single index and season classifications. Furthermore, the ensemble 
model also had the most balanced distribution of commission and 
omission errors, which were almost equal within both the disturbed 
class (around 27%) and the undisturbed class (around 17%). We also 

explored if LandTrendr results among individual metrics varied more for 
samples incorrectly classified versus those correctly classified, but found 
no difference (results not shown). 

The final disturbance map, showing disturbed vs. undisturbed areas, 
highlighted distinct spatial patterns across the Argentine Dry Chaco 
(Fig. 3). Disturbances between 1990 and 2017 were generally more 
widespread at the interfaces of larger forested and non-forested patches 
(e.g., in the southernmost section of the study area corresponding to the 
province of San Luis), inside fragmented forest patches (e.g., in the 
south-western part of Chaco province, eastern side of Santiago del Estero 
province, north-eastern part of Córdoba province), as well as close to 
water bodies such as major rivers (e.g., the Pilcomayo river in the north 
of Formosa, or along the Río Dulce in Santiago del Estero). In contrast, 
large, continuous patches of remaining forest appear less affected by 
disturbance, particularly in the southwest of the study region (provinces 
of San Luis, San Juan and western La Rioja) and in the north-western 
Chaco province. Provinces of Córdoba, Santiago del Estero and Cata
marca showed the highest disturbance rates (respectively 13%, 12% and 
11%). Examining the disturbance map also show distinct and diverse 
spatial patterns of detected disturbances from larger, continuous patches 
(e.g., Fig. 3A) to more dispersed and irregular patterns (e.g., Fig. 3B), 
pointing to diverse disturbance agents. 

Taking a closer look at the timing of disturbance, based on the best- 
performing model for any combination of spectral index and season (i.e., 
TCW, May-July) provided further insights into the spatiotemporal pat
terns of forest disturbance across the Argentine Chaco (Fig. 3). Larger 
disturbance patches occurred predominately in the beginning of our 
observation period, in the 1990 s, with several large, irregularly shaped 
patches (e.g., at the border between La Rioja and Córdoba provinces and 
in central Santiago del Estero). More recently, disturbances patches 
became generally smaller and had more geometrical shapes (indicated 
in our map by warmer colours, Fig. 3). Such disturbances occurred 

Fig. 3. Year of detection of disturbances map produced by merging the disturbance map from the ensemble model and the best single index model (TCW, May-July).  
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mainly close to existing agricultural fields, for example at the southern 
border between Salta and Chaco provinces and in the north-western part 
of Cordoba and south-western Catamarca. In addition, clear overall 
spatiotemporal patterns were visible with disturbances more prevalent 
in the south in the early 1990s, but progressively moving towards the 
more interior Chaco over time. 

The estimated annual area of forest disturbances, based on an inde
pendent set of ground truth points not used in model training, showed a 
variable pattern over time (Fig. 4, B). On average, about 888 km2 

(standard deviation = 581 km2) of the remaining forest in 2018 was 
disturbed over time, yet this varied in magnitude from year to year. 
Highest disturbed areas occurred in 1995, 2004, 2009 and 2013 with 
more than 1500 km2 of disturbed areas, with a remarkable peak in 2013 
when 2647 km2 were disturbed (95% confidence interval = ±488 km2). 
Conversely, we found very small areas of disturbance for the years 1990 
to 1993, 1998, 2002 and 2014 to 2016 (all < 500 km2), with the lowest 
area estimated for 1990 (48 ± 42 km2). The total area of disturbed forest 
across our entire study period was 24,877 ± 860 km2. 

Comparing the temporal patterns of disturbed area with precipita
tion time series revealed synced patterns (Fig. 4) between estimated 
annual disturbed area (panel B) and cumulative annual precipitation 
(panel A). In particular, peaks in the disturbance time series typically 
corresponded to years with particularly low precipitation (e.g., in 1995 
and 2013). Conversely, the three years with highest rainfall (1991, 
2002, and 2015) had very low levels of disturbed areas (all below 400 
km2). However, plotting the residuals of a simple linear regression 
model (Fig. 5) between annual disturbed area and annual precipitation 
suggested that the effect of precipitation on forest disturbances was not 
consistent over time (Fig. 4, panel C). The coefficient of determination 
also corroborates that precipitation alone does not explain disturbed 
area (R2 = 0.41). 

Comparing the spatial disturbances patterns with maps of drought 
index (SPI; Fig. 6) provided further insights into the relationship be
tween precipitation and disturbances. The drought index revealed a 
remarkably high spatial variability, with hotspots occurring in distinct 
regions of the Argentine Dry Chaco (e.g., 1995, 2004 and 2013, when 

Fig. 4. Comparison between disturbances and annual precipitation patterns. (A) annual precipitation sums derived from CHIRPS data. (B) annual disturbance area 
estimated from Landsat composites. (C): residuals between the observed (Landsat) and predicted disturbed area (predicted based on a linear regression between 
observed area and precipitations, see Fig. 5). 
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rainfall was lowest). For instance, drought hotspots in 1995 occurred in 
the central and southern part of the study area, whereas the northern 
part of the study region was hit hardest in 2013. Interestingly, some of 
these spatial patterns were also reflected in the disturbance maps (Fig. 6, 
lower row), with regions with relatively high disturbance densities 
occurring where drought impacts were particularly high in a given year. 
Yet, disturbances also occur in areas not affected by drought. 

Finally, summarizing disturbances along a gradient of average 
rainfall over the entire observation period (1990–2017) showed clear 
association of disturbance with average rainfall in our study region 
(Fig. 7). In absolute terms, disturbed areas followed a clearly hump- 
shaped distribution, with largest forest disturbance areas found at 
average rainfall around 700 mm (Fig. 7A), where also forest cover in the 
Dry Chaco is still the highest. Putting the disturbed area in relation to the 
remaining forest extent in these rainfall zones showed that highest 
disturbance rates occurred above 500 mm (constantly above 8–10% 
across the entire observation period). At lower average rainfall, distur
bance rates were much lower (<4%). In terms of soil types, disturbed 
areas were highest in Mollisols (Fig. 7 C), with Alfisols and Mollisols 
having the highest disturbance rates (around 9%). Generally, distur
bance rates varied less in relation to soil types than in relation to average 
precipitation patterns. 

5. Discussion 

Tropical dry forests experience high human pressure, but monitoring 
forest degradation in these systems is challenging due to high canopy 
complexity, strong phenology, high climate variability, and diverse 
degradation drivers. Making full use of the opportunities that the 
Landsat archive provides, we here provide an assessment of forest 
degradation in the Dry Chaco, a large tropical dry forest region 
(489,000 km2), over a 30-year time span using dense Landsat time se
ries, temporal segmentation, and an ensemble disturbance detection 
algorithm. Methodologically, our study showed that forest disturbances 
associated with forest degradation can be mapped reliably and that a 
multispectral ensemble approach is preferable to time-series analyses 
based on individual spectral indices. Thematically, our study yielded 
three main insights. First, we found major areas (about 25,000 km2, 8% 
of the forested area) of the remaining forests in the Argentine Dry Chaco 
have been disturbed since 1990, suggesting degradation is a widespread 
phenomenon that deserves more attention in discussions of 

environmental sustainability in the Chaco. Second, we found diverse 
spatial patterns of forest disturbances, which appear to be driven by 
different disturbance agents, including both natural (e.g., drought) and 
anthropogenic ones (e.g., logging, agricultural fires). This suggests 
disturbance attribution is central for understanding the drivers and 
impacts of forest degradation. Third, we found a clear association be
tween forest disturbance and precipitation. Temporally, forest distur
bance was particularly widespread during drought years. Our 
disturbance maps suggest a possible link of drought and increased fire 
activities can explain this pattern. Spatially, forest disturbance was most 
widespread in areas with average rainfall around 700 mm (Fig. 6A). 
These are areas that are too dry for cropping, and therefore still contain 
considerable shares of forest, yet are inhabited by more people than the 
even drier parts of the Chaco. Together, this can explain the hump- 
shaped disturbance distribution we find. More generally, our analyses 
suggest that an improved degradation monitoring is urgently needed in 
the world’s tropical dry forests. Our approach based on the Landsat 
archives and trajectory analyses, both readily implemented in Google 
Earth Engine, are promising for scaling up monitoring efforts. 

Our study demonstrates the feasibility of mapping disturbances 
robustly across a large tropical and subtropical dry forest. Our overall 
accuracy (about 79%) is comparable to the only other study adopting a 
similar approach for a tropical dry forest (Wang et al. (2019). In this 
study a spectral ensemble was used to map disturbances in different 
forest types in Mato Grosso, yielding an overall accuracy of about 83% 
for the tropical dry forest area assessed (a much smaller area than in our 
study). Likewise, our overall accuracies are comparable to those ob
tained in moist tropical forests, such as in Brazil, Ethiopia and Vietnam 
(Schultz et al., 2016). All of this further attests to the robustness of our 
approach. However, it should be noted that the Chaco is relatively ho
mogeneous in terms of topography (Bucher, 1982) and transferring our 
approach to topographically more complex woodlands, such as in Cen
tral America or Colombia, might therefore bring new challenges due to 
complexity arising from illumination differences. 

Our study adds to growing evidence that a multispectral ensemble 
approach outperforms traditional algorithms for disturbance detection. 
The ensemble performed better than any single index with improved 
classification accuracy and error balance, a finding consistent with 
studies by Cohen et al. (2018), Schultz et al. (2016) and Wang et al. 
(2019). In terms of the performance of single indices, our study suggests 
that particularly the Tasseled Cap Wetness component has considerable 
potential for advancing degradation monitoring in tropical dry forests. 
This index outperformed all other indices in our change detection model 
comparison, in line with prior work on different forest types (Cohen 
et al., 2018; Czerwinski et al., 2014; DeVries et al., 2016). For tropical 
dry forests, Grogan et al. (2015) found TCW to be best-performing for 
monitoring forest disturbances, while other studies found NDMI (the 
least-performing index in our case) or NBR to be useful for detecting 
disturbances (Schneibel et al., 2017; Smith et al., 2019). This diversity of 
findings, not always from studies that compared across multiple indices, 
further highlights a strength of an ensemble approach, which does not 
force an a priori selection of a specific spectral metric. Given the diversity 
of disturbance signatures we found in our case, using multiple spectral 
indices in an ensemble approach might also provide opportunities to 
capture this diversity (as different indices might detect different dis
turbances best), though quantifying this requires further work. 

Our assessment of disturbed areas indicates that a large share, about 
8% (=24,877 ± 860 km2) of the forests spared so far from agricultural 
conversion were affected by forest disturbances in the period 
1990–2017. This area represents roughly one third of the area that was 
converted to agriculture during that time. For instance, forest conver
sion to agriculture in our study area in the period 1985 to 2013 
amounted to 74,351 km2 (Baumann et al., 2017). These forest losses are 
associated with globally-relevant carbon emissions (Baldassini et al., 
2020; Baumann et al., 2017; Gasparri et al., 2008) and biodiversity loss 
(Romero-Muñoz et al., 2020, 2019; Semper-Pascual et al., 2020, 2018). 

Fig. 5. Linear regression model fitted to annual precipitation sums derived 
from CHIRPS data and annual disturbance area estimated from Land
sat composites. 
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Yet all impact assessments so far have exclusively focussed on full forest 
conversion, as ours is to the best of our knowledge the first study 
quantifying the extent of forest disturbance within remaining forests. As 
a result, a key finding of our work is that, unfortunately, the strong 
environmental impacts of forest loss and transformation reported for the 
Chaco (Barral et al., 2020; Baumann et al., 2017; Piquer-Rodríguez 
et al., 2015) still represent a substantial underestimation of the real 
impacts, and simple forest vs non-forest maps might heavily over
estimate the quality of the remaining Chaco forests. Impact assessments 
must therefore urgently include forest-degradation indicators, such as 
the extent and severity of disturbances that we derive here. This seems 
particularly relevant for assessments of Reducing Emissions from 
Deforestation and forest Degradation (REDD+) implementation, 
particularly when setting baselines against which to measure reduction 
in forest conversion and degradation. These baselines do so far not 
consider degradation footprints and extent (SAyDS, 2019), which is to a 
large extent due to missing disturbance maps prior to our study. 

Although we did not attempt here to differentiate between distur
bance agents, both the shape and context of disturbance patterns hint to 
the processes causing disturbances. For example, irregular, continuous 
patches might be attributable to fires (e.g., Fig. 3C). Such patches often 
occurred next to agricultural fields, suggesting that post-harvest burns 
and fires escaping to nearby forests are a major driver of forest distur
bance in the Chaco. In contrast, we found many large, rectangular 
patches of disturbed forest (e.g., Fig. 3A) – typically in areas where the 
agricultural frontiers are advancing (le Polain de Waroux et al., 2018). 
This can be interpreted as evidence for forest clearing with the intention 
to establish agriculture, but this intention was never realized. As a result, 
forests were only cleared partially and/or cleared areas were abandoned 
with subsequent woodland recovery, a pattern so far not documented for 
the Chaco. In addition to these larger disturbance patches, we found 
many small disturbances (e.g., Fig. 3B) which appear to be related to 
selective logging or charcoal production (Rueda et al., 2015). Finally, 
linear disturbances were frequent, likely due to the construction or 

Fig. 6. Spatial comparison between drought impact and disturbance patterns for the years 1995 (left), 2004 (centre), and 2013 (right). (A) Standardized Precipi
tation Index maps based on CHIRPS data; (B) disturbance density maps. These three years had particularly low rainfall and large disturbed areas. 
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maintenance of forest roads. In sum, the spatial features of disturbance 
suggest diverse disturbance agents, and combining our data with 
ancillary data on these agents would be a beneficial follow-up step that 
can provide insights into the underlying causes and possible policy re
sponses of forest degradation (Finer et al., 2018). 

A key finding of our work was a possible link between the forest 
disturbance and drought years, with the largest area of disturbance 
corresponded to the most extreme droughts in our study area (Fig. 5). 
Similar patterns were found in the Amazon, possibly due to drought- 
related fires (Bullock et al., 2020). This link has been suggested for 
the Chaco too (Argañaraz et al., 2015; Fischer et al., 2012), and is further 
corroborated by our work as we found fire-like disturbance patterns 
particularly in drought years and particularly in areas highlighted in the 
SPI maps as drought hotspots (Fig. 5). We speculate that fires are more 
likely to occur and escape (e.g., when fields are burned), and likely 
larger, during drought years. However, droughts impact forest also 
directly (Corlett, 2016) and our analyses suggest that particularly forests 
along rivers are susceptible to drought impacts, possibly because these 
forest are more dependent on water resources and vulnerable to water 
stress. 

Focussing on the link between disturbance and average rainfall 
across the Chaco, our results suggest the majority of disturbances 
occurred around 700 mm annual precipitation. This is perhaps not 
surprising, as this precipitation amount represents the lower limit for 
major crops (e.g. soybean, maize) in the Chaco (Grau et al., 2005), and 
thus deforestation occurs mainly in areas with higher precipitation (Zak 
et al., 2008). Several processes suggest this could be changing in the 
future. First, the silvopastoral cattle ranching systems mentioned above 
are economically feasible at precipitation levels below 700 mm and we 
already find evidence for their expansion (Peri et al., 2017). Second, new 
soybean strains that can tolerate drier climates are being developed, and 
this would likely shift the deforestation frontiers in major ways 
(Leguizamón, 2014). That the bulk of the forest disturbances in the 
remaining forest occurred in relatively wet areas (i.e. between 500 mm 
and 1200 mm) can likely be explained by the higher presence of people 
(both farmers and forest smallholders) in these, relatively-speaking, 

more favourable areas compared to the driest parts of the Chaco. Also, 
this pattern might be explained by the lower availability or quality of 
forest resources in extremely dry areas, where some valuable species 
disappear and vegetation grows slower and less high (Powell et al., 
2018; Prado, 1993). 

While our methodology resulted in relatively high detection proba
bility and an overall robust forest disturbances map across a large re
gion, three limitations need to be mentioned. First, our classification was 
based on training and validation data that were visually interpreted 
from Landsat image trajectories and very high-resolution images on 
Google Earth. Subtle disturbances (e.g., selective logging) are not easy to 
identify in such a way and might be missed. This suggests our estimate of 
forest disturbance is likely conservative. Second, and related to this, our 
disturbance map does not capture the impact of forest grazing on forest 
understory, which is a key driver of forest degradation in the Chaco 
(Adamoli et al., 1990; Bucher and Huszar, 1999; Torrella and Adámoli, 
2005). Combining our approach with approaches that use radar or lidar 
data (Dubayah et al., 2020) may help to monitor such more subtle dis
turbances in the future. It is also worth mentioning that by considering 
only disturbances and not recovery, our map gives a partial picture of 
forest dynamics. Taking into account regrowth would be important for 
carbon budget estimates. However, both in the context of forest degra
dation and for carbon accounting, assessing recovery would require 
separating trees and shrubs, as the latter often dominates in recovering 
forests that had contained tall trees before they were disturbed. Our 
segments are based on spectral recovery only and do therfore not readily 
separate shrub from tree cover. Interpreting them as forest recovery 
could therefore hide ongoing degradation, which is why we refrain from 
showing them here. Lastly, we cannot rule out a systematic bias in the 
finding of higher disturbances found in dry years. Detection, however, 
could be both positively biased (e.g., better detectability due to lower 
cloud cover) or negatively biased (e.g., less contrast between vegetation 
and background). Generally, we are convinced our estimates in dry 
years are reliable, because cloud cover is lowest and image availability 
very good for dry seasons across our observation period. 

In this study, we demonstrated the benefit of a Landsat-based, 

Fig. 7. Forest disturbances between 1990 and 2017 in the Argentine Dry Chaco in relation to average annual precipitation rainfall gradient and soil types. (A) Total 
disturbed area (24,877 km2) by average precipitation zone; (B) Percentage of forest disturbed over total forest area by average precipitation zone; (C) Total disturbed 
area by soil type; (D) Percentage of forest disturbed by soil type. 
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spectral ensemble approach to map forest disturbances in tropical dry 
forests. Most elements of our approach are implemented in Google Earth 
Engine, providing considerable potential for upscaling and thus for 
degradation-related forest disturbance monitoring. Our study highlights 
that such monitoring is important and timely, given the rapid pace at 
which tropical dry forests around the globe are disappearing, and the so 
far overlooked extent of disturbances related to degradation in our case. 
The Gran Chaco is a global hotspot of deforestation (Hansen et al., 
2013), and our work suggests this is still an underestimation of the real 
impact of land use on forest loss and transformation. Stepping up forest 
disturbance monitoring in tropical dry forests is urgently needed to 
better understand carbon emissions and biodiversity loss associated with 
forest loss – and to identify effective strategies to mitigate these losses. 
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