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Abstract

Deforestation poses a significant threat to natural ecosystems, particularly in Argentina’s Chaco region—one of the world’s most 
rapidly changing forest areas. This study focuses on the detection of sudden deforestation events, where forest cover is rapidly re-
moved within a few months. Monitoring such changes across vast areas requires the use of satellite-based vegetation indices, such 
as the Enhanced Vegetation Index (EVI) and Normalized Difference Vegetation Index (NDVI) from MODIS. However, accurately 
identifying deforestation events is challenging due to seasonal variability, sensor noise, data gaps, and algorithmic inconsistencies. 
These factors can obscure true deforestation signals or generate false positives. To address these issues, a robust detection ap-
proach must explicitly model time-series dynamics, capturing trends, seasonality, and uncertainty, to reliably distinguish genuine 
deforestation breakpoints from natural variation and noise. In this paper, three models for the detection of breakpoints in EVI time 
series were proposed: a simple z-score anomaly detector, and two fully Bayesian models; one temporally uncorrelated and one 
fully correlated. Results indicate that the Bayesian schemes significantly improve over the naive approach (zscore: AUC=0.921, 
F1-score=0.870, Bayes: AUC=0.959, F1-score=0.925), for a reasonable cost in computing time ×1000.

1. Introduction

Deforestation is one of the biggest dangers to natural forests
today, in particular for the Chaco region of Argentina, which
is one of the fastest-changing forest areas in world. Most of
the land being cleared is used to grow crops like soybeans or to
raise cattle, because of the high demand from around the world.

To keep track of how forests are being cleared in a huge area
like the Argentine Chaco, the use of satellite images and time
series analysis are mandatory (Grings et al. (2020)). This is im-
portant because deforestation doesn’t always happen the same
way—it can be fast or slow. There are two main types of defor-
estation based on how quickly it happens:

1. Sudden Deforestation – This happens when a large area of
forest is quickly cleared, (sometimes but not always replaced
with pastures or crops).

2. Gradual Deforestation (Forest Degradation) – This takes
longer and causes the forest to become patchy or damaged be-
fore it’s eventually removed.

In this study, we’re focusing only on the fast kind—when the
forest is totally removed in just a few months. This kind of
deforestation can happen any time of the year, but it’s especially
hard to detect during the winter. That’s because the satellite
images used show smaller changes in vegetation during colder

months, because seasonal vegetation dynamics reduce canopy
greenness, making it tougher to spot the damage.

Satellite-derived time series of vegetation indices such as EVI
and NDVI from MODIS (Moderate-Resolution Imaging Spec-
troradiometer) are widely used for deforestation monitoring.
Although MODIS has a coarse spatial resolution (250 m), limit-
ing the detection of small clearings, it offers unique advantages:
more than two decades of continuous coverage, high temporal
resolution, and well-validated vegetation indices. These prop-
erties make MODIS particularly suitable for testing Bayesian
breakpoint detection methods in long time series. In contrast,
the Harmonized Landsat-Sentinel (HLS) dataset provides finer
spatial resolution (30 m) and increased acquisition frequency
but has only been available since 2013, making it unsuitable for
long historical analyses. However, HLS represents a promising
source for future applications focused on recent years. It is also
important to consider the typical size of deforested areas. Valle-
jos et al. (2015) report an average patch size of 61.99 ± 0.29
hectares, indicating that the MODIS pixel size is sufficiently
granular to capture most events. While HLS could produce
more detailed alerts, it also entails significantly higher compu-
tational demands. Finally, the daily acquisition frequency of
MODIS minimizes the impact of cloud cover on the data re-
cord.

Deforestation typically appears as a sharp drop or “breakpoint”
in these index values, as dense forest canopy is removed and
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only bare ground or sparse vegetation remains. However, re-
liably detecting such breakpoints is challenging due to several
factors:

• Seasonal and Phenological Variability: Vegetation indices
fluctuate seasonally, which can mask or mimic deforest-
ation signals. Distinguishing a genuine forest loss event
from normal seasonal drops requires accounting for sea-
sonal patterns.

• Data Gaps and Noise: Noise from atmospheric effects or
sensor issues can introduce data gaps. For example, the
MODIS VI product accuracy is about ±0.015 for EVI un-
der ideal conditions, but errors can increase to 0.04–0.10
in index units when data quality is poor (MODIS Land
Science Team (2024)).

• Algorithm Inconsistencies: The MODIS EVI algorithm it-
self can switch modes under certain conditions, introdu-
cing artificial jumps. Notably, when a pixel is very bright
(e.g. clouds or snow), the standard 3-band EVI is replaced
with a 2-band EVI (excluding the blue band) to avoid over-
correction (Center for Tropical Agriculture and Human Re-
sources (CTAHR) (2024)). Earlier product versions even
fell back to a Soil-Adjusted VI in such cases (Center for
Tropical Agriculture and Human Resources (CTAHR) (2024)).
These algorithm changes between acquisition dates can
cause small discontinuities in the time series that are un-
related to actual vegetation change. A robust detection
method should not mistake these artifacts for deforesta-
tion.

Given these challenges, a detection approach must explicitly
model the time-series structure (trend, seasonality, noise) and
account for uncertainties, so that genuine deforestation break-
points can be distinguished from normal variation and noise.

2. Background

2.1 Basics

A number of time-series change detection techniques have been
applied to remote sensing data in the past. One well-known
approach is Breaks For Additive Season and Trend (BFAST)
(Verbesselt et al. (2010)), which decomposes a time series into
trend, seasonal, and remainder components and iteratively finds
breakpoints in those components. Other widely used meth-
ods include LandTrendr (segmented regression of Landsat time
series (Kennedy et al. (2010))) and the CCDC algorithm (Con-
tinuous Change Detection and Classification (Zhu and Wood-
cock (2014))), which have been used to map forest loss by fit-
ting temporal segments to long-term satellite data. These clas-
sical methods, however, are generally frequentist in nature –
they provide point estimates of change timing and often require
ad-hoc thresholds or significance tests to decide if a change is
real. They may not fully quantify the uncertainty in the detected
breakpoints, and they can be sensitive to outliers or noise if not
carefully tuned.

2.2 Bayesian Approaches for Breakpoint Detection

A Bayesian approach treats the time series within a probabil-
istic framework. In a Bayesian breakpoint model, each obser-
vation is treated as a random variable generated from some un-
derlying state (e.g. “forest” or “deforested” regime), and one

assigns prior probabilities to the existence and timing of break-
points. The result of a Bayesian analysis is not just a single
change date, but a posterior probability distribution over pos-
sible breakpoints – effectively measuring how likely a deforest-
ation event is at each time, given the data and prior expecta-
tions (Barraza and Grings (2016)). This framework naturally
accounts for uncertainties and allows incorporating temporal
correlation and prior knowledge (for example, an expectation
that deforestation is infrequent at a given date or area).

An example of a recent application of this framework is Wendel-
berger et al. (2021), which extends the standard Bayesian On-
line Changepoint Detection (BOCPD) algorithm of Adams (2007)
by incorporating a seasonal regression model and an outlier-
tolerant likelihood (Wendelberger et al. (2021)). In their ap-
proach, each new observation is modeled via a multivariate lin-
ear regression (capturing seasonal cycles and possibly multiple
spectral indices), and the algorithm continuously updates the
probability of a breakpoint.

A related development is the Bayesian ensemble approach for
time-series decomposition, exemplified by the BEAST algorithm
by Zhao et al. (2019) (Zhao et al. (2019)). BEAST is a gen-
eral Bayesian time series model that simultaneously estimates
trend, seasonal components, and breakpoints by averaging over
many possible models (e.g. like an ensemble BFAST). Un-
like deterministic methods which pick a single best decomposi-
tion, BEAST uses Bayesian model averaging to combine many
competing models of different complexity. This means it can
quantify the uncertainty in the number and timing of break-
points and in the shape of trend/seasonal components.

The authors also published several approaches to estimate break-
points in satellite time series to monitor deforestation events in
Chaco Forest. These works are relevant approaches to contex-
tualize this work. The first was based on an XGBoost approach
(Barraza et al. (2020)). In the second, we included Land Surface
Temperature (LST) data to evaluate its relevance in breakpoint
detection (Roitberg et al. (2018)). Finally, we also played with
the idea of using convolutional neural networks to model the
time series, obtaining promising results published in (Grings et
al. (2020)).

3. Methodology

In this study, we propose three approaches to implement a break-
point detection algorithm to detect deforestation from EVI time
series data in Chaco Forest:

1. A basic z-score (z-score = (x − mean(x))/var(x)) ap-
proach, in which we inform an alert when the z-score for a given
date is below a given threshold (that can be tuned to maximize
a given metric). Since the z-score automatically takes into ac-
count date mean values and variances, we selected this model
as a benchmark case.

2. An approach based on a free-form, fully parametric scheme
that models each time series date as a random variable, first
introduced in (Gregory and Loredo (1992)). This approach can
be formulated using uncorrelated random variables for every
date (Bayes-naive) and fully correlated dates (Bayes-full).

3.1 A periodic signal of unknown shape and period: math-
ematical formulation

The approach developed by (Gregory and Loredo (1992)) was
to assume that our unknown periodic time series can be modeled
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as a succession like

X = (x0, x1, .., xN , x0, x1)

in which xi is a random variable -that corresponds to a given
date- and is in principle correlated with all the other xi. An
example of this approach is presented in Fig. 1.

Figure 1. A scheme of the Bayesian model presented in (Gregory
and Loredo (1992)) for periodic time series of unknown shape.

Once given this construction scheme, we only need to provide
prior distributions for the xi and a likelihood function. For the
simpler case (Bayes-naive), we assume the priors to be nor-
mally distributed with no prior correlation between them 1. In
the more advanced approach (Bayes-full), we also assumed a
normal distribution for every xi, but also explicitly modeled the
prior correlation among them with a full covariance matrix C of
size N × N . This later approach is in principle capable of not
only learn the mean values of the dates, but also of using these
learned mean values of other dates to help the inference in any
other given date.

Finally, a normal likelihood was adopted. This is based on
the assumption that the MODIS EVI product is calibrated, im-
plying that the mean residual (EVI − model) is zero. The
noise was characterized by a normal distribution with variance
σEVI = 0.025 2.

Once the model is defined, model parameters need to be estim-
ated from real data. To this end, we defined a period of time for
which the forest was undisturbed (calibration period). In this
calibration period, the posterior distribution for all model para-
meters was obtained using PyMC (PyMC Developers (2024b)).
In the PyMC framework, after the model is calibrated with the
available data, the posterior value of the next date EV I(t+1) is
computed using the posterior predictive, in which both the pos-
terior of the parameters and the observation error are taken into
account (PyMC Developers (2024a)). These values are com-
pared with the observed values (EV I(obs)(t+1)) and its prob-
ability in the context of the model is then computed.

3.2 Deforestation “Alert” criteria

We defined an “Alert” for each model according to its algorithm.
However, during the evaluation, we observed inconsistencies
with isolated alerts on the initial evaluation date. To address
1 This only implies no prior correlation is assumed. The posteriors could

be strongly correlated
2 as discussed in section 1, the real structure of the noise is very complex,

and depends on the specific area and date of acquisition

Figure 2. Study area located at the border between Chaco and
Salta provinces, Argentina. Light blue polygons indicate plots

deforested during the period considered; red dots represent
MODIS pixels with known deforestation dates inside those

plots, and green dots correspond to undisturbed native forest.

this, we implemented a ”double alert” criterion: an alert is in-
duced only when two consecutive evaluations produce an alert.
This approach reduced false positives that stemmed from such
inconsistencies.

4. Study area

The study area is located within the Semiarid Chaco subre-
gion of the Argentine Chaco Forest, covering approximately
250,000 hectares. This region is characterized by mixed xero-
philous forests, predominantly composed of deciduous or semi-
deciduous species adapted to moderate rainfall stress, with an-
nual precipitation ranging between 500 and 800 mm. Dominant
species include Aspidosperma quebracho-blanco (white que-
bracho) and Schinopsis lorentzii (red quebracho), which form
part of the subtropical seasonal forest landscape.

Previous research in this and related areas resulted in a GIS
database identifying the location and monthly timing of defor-
estation events in various native forest regions. A second data-
set used in this study consists of remote sensing time series
derived from the MODIS MOD13Q1 product, spanning from
February 2000 to February 2020, with a temporal resolution
of 16 days and a spatial resolution of 250 meters. These time
series are categorized into two classes: Deforested (2,230 in-
stances), each associated with a precise monthly deforestation
date between 2002 and 2016 based on the GIS data described
above; Native Forest (22,404 instances), representing undis-
turbed native forest.

Each time series includes vegetation indices (NDVI and EVI),
four spectral bands (red, near-infrared, blue, and mid-infrared),
and associated quality indicators. The dataset was developed to
support near-real-time deforestation detection and broader en-
vironmental monitoring. A detailed description of these data-
bases can be found in (Roitberg et al. (2021)).
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(a) (b)

(c)

Figure 3. Example of three EVI time series for a given deforested pixel and correctly detected (true positive, top left), a deforested
pixel but not detected (false negative, top right), and native forest pixel incorrectly detected as deforested (false positive, bottom). In

each panel, first row is z-score model, the second Bayes-naive and the third Bayes-full. Training period is indicated in green. Detected
breakpoints are marked as red vertical lines.

For this manuscript, only polygons deforested during 2015 and
2016 were included. For each polygon, a time series was con-
structed for every pixel; however, due to the high similarity
among them, we selected a single representative pixel time series
per polygon to avoid redundancy. This procedure resulted in
122 deforested time series. An equal number of time series
from the Native Forest class was randomly sampled for com-
parison.

5. Results

The three algorithms were applied to all EVI time series in the
study area, including pixels with observed deforestation and
pixels of undisturbed forest (both conditions identified using
high-resolution imagery). During the calibration period, each
model estimated the posterior probability distribution of its para-
meters. Then, as described in Section 3.1, a posterior predictive
distribution was computed to estimate the probability density
function (pdf) of EV I(t+1), and subsequently the probability
of the observed EVI value within the model context. Examples
are shown in Fig. 3, which presents deforested and undisturbed
time series to illustrate model behavior.

As shown, all three models can detect deforestation events, labeled
as “Alerts,” corresponding to breakpoints in the time series (Fig.
3, top left). This case illustrates a true positive.

Fig. 3, top right, shows a false negative: a deforested pixel
not detected by any of the models. Although the observed EVI

decreases at the deforestation date, the magnitude of the drop
falls within the range of previous fluctuations. Finally, Fig. 3,
bottom, shows a false positive, where alerts are generated over
an undisturbed forest series. Notably, all three models trigger
an alert on the same date, but only the Z-score model produces
a sequence of successive alerts at posterior dates, underscoring
the stronger performance of the Bayesian approaches.

An comparison of performance of the three models is made by
computing the Receiver Operating Characteristic (ROC) for the
three models in Fig. 4. It can be seen that, though all models
performed well in this task, the Bayesian schemes (Bayes-naive
and Bayes-full) present marginally better AUC results. This is
particularly important for low threshold values, for which high
values of True Positive Rate (TPR) can be obtained for relat-
ively low values of False Positive Rate (FPR), which is very
important in an operational scheme.

Finally, a summary of the results for all algorithm and pixels is
presented in Table 1. As seen, both Bayesian models presen-
ted significantly better F1-scores and accuracies. However, the
more complex model Bayes-full is much more computationally
expensive, hindering its usability in real-time applications.

6. Discussion

In this paper, three models for the detection of breakpoints in
EVI time series were proposed. The models can be seen as an
increasingly complex approximation to a similar approach. In
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Model Threshold TP FN FP TN Accuracy Precision Recall FPR F1 Score AUC-ROC lag 05q lag 50q lag 95q Time
Z-score 0.008 111 11 22 100 0.865 0.835 0.910 0.180 0.871 0.922 -62.0 8.0 426.0 1
Bayes-naive 0.001 118 4 15 107 0.922 0.887 0.967 0.123 0.925 0.959 -119.0 20.5 159.7 1000
Bayes-full 0.001 116 6 15 107 0.914 0.885 0.951 0.123 0.917 0.957 -119.0 20.5 144.5 100000

Table 1. Comparison of different models across multiple performance metrics

Figure 4. ROC AUC (Area Under the Curve) curves for the three
models

the first model, an anomaly is defined as a strong enough devi-
ation of the normalized time series (z-score). In the second one,
date’s distributions are explicitly modeled, in order to obtain
posterior distribution for every date to compare it with future
unobserved values, and an anomaly is defined as a p-value over
a posterior distribution (Bayes-naive). In the last one, a single
N-dimensional distribution is proposed for the entire periodic
time series, with N mean values and a correlation matrix of
N ×N .

The more simple model presented an acceptable performance
given its simplicity, proving that it is a robust approach to this
problem. The first Bayesian model presents better metrics, mainly
due to its ability to include a distribution to every date instead of
just mean values and variances. However, this increase comes at
a cost of ×1000 overhead in computing time. Finally, the most
complex Bayesian approach fails to improve significantly over
the simpler model. This result is a little surprising, but is prob-
ably related to the fact that in its original application (Gregory
and Loredo (1992)), much larger time series were used for cal-
ibration, which included several periods of the unknown signal.
Although a long period for a remote sensing time series, we just
used 10 years of data for calibration.

As a future approach, it is possible to better model data inter-
annual variability, which in the analyzed models is only “seen”
as over-dispersed posterior distribution for a given date. How-
ever, care must be taken in order to use harmonic+trend+noise
models like BFast, since they are very sensitive to noise and
produce a lot of false positives. A more robust approach needs
to be devised that robustly takes into account natural inter-annual
variability.
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