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 A B S T R A C T

Climate change influences climate variability, increasing the frequency and severity of droughts. These events 
may trigger vegetation browning, a key indicator of drought propagation and shifts in resilience. While 
long-term trends often measure browning, rapid vegetation declines require alternative approaches. This 
study examines drought-induced vegetation browning, resilience, and propagation in central Chile using 
Moderate Resolution Imaging Spectroradiometer (MODIS) time series of normalised difference vegetation index 
(NDVI), leaf area index (LAI), and gross primary productivity (GPP). The Continuous Change Detection and 
Classification (CCDC) algorithm identified negative vegetation changes, filtering out non-browning events to 
reduce uncertainties. Spatial variations in browning were analysed across latitudinal gradients, topographies, 
and vegetation types, while shifts in temporal autocorrelation served as a proxy for resilience. Results indicated 
declines in NDVI across 19% of the study area, GPP in 12%, and LAI in 8%. NDVI responded to drought 
within six months, with productivity losses lagging by 8.7 months. Recovery was slow, averaging 3.6 years, 
and only 20%–25% of the affected areas recovered. Variations in browning timing and magnitude were driven 
by topography, vegetation, and latitude. A decline in vegetation resilience highlights the need for strategies 
to enhance adaptability to climate change.
1. Introduction

Vegetation in various regions is typically exposed to distinct stres-
sors, which can result in degradation (Kofinas, 2009; Liu et al., 2013; 
Forzieri et al., 2022). While logging and deforestation represent di-
rect anthropogenic pressures on vegetation, other prevalent causes of 
degradation include droughts and fires, both of which are influenced 
by natural processes and human activity (Carrión et al., 2010; Kumar 
et al., 2022). Droughts, that may be intensified by climate change, 
reduce water availability, leading to physiological stress in plants and 
ecosystem instability (Vicente-Serrano et al., 2020; Seleiman et al., 
2021), while fires, natural or human-induced, can destroy vast veg-
etation areas, particularly during prolonged droughts or heatwaves, 
which may be worsened by global warming (Pausas and Keeley, 2021). 
Though interannual climate variability occurs naturally, leading to 
dry and wet meteorologic conditions, climate change has been impli-
cated as an additional factor influencing climate variability (Thornton 
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et al., 2014), and it may contribute to some drivers of vegetation 
deterioration (Vicente-Serrano et al., 2015; Vilanova et al., 2021).

Meteorological water deficits can propagate through various subsys-
tems of the water cycle (Wang et al., 2016; Fuentes et al., 2022; Van 
Loon et al., 2024). Vegetation is affected by these deficits as they spread 
through terrestrial systems, impacting plant health and vigour (Zhang 
et al., 2022; Vicente-Serrano et al., 2013). This can result in de-
creased vegetation vitality or even mortality, which may be detectable 
through satellite-based reflectance analysis when these changes are 
significant (Xie et al., 2008). Consequently, water deficits can trigger 
vegetation browning, often implying changes in vegetation colour from 
green to brown (Pan et al., 2018; Cortés et al., 2021), which may 
indicate a change in vegetation dynamics and may also refer to negative 
trends in remotely sensed vegetation indices over time (Miranda et al., 
2020; Liu et al., 2023a). However, browning can also indicate short-
term declines in vegetation due to specific disturbances, often depicted 
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in vegetation reflectance patterns (De Jong et al., 2012). Disturbances 
such as droughts can lead to vegetation stress and wilting, which can 
be monitored by assessing meteorological conditions (Konings et al., 
2021). Vegetation browning can occur across a range of spatial scales, 
from localised patches to regional extents (Murthy and Bagchi, 2018; 
Liu et al., 2023a).

Vegetation dynamics can be evaluated through remote sensing (Lam-
bert et al., 2013; Pan et al., 2018). In this context, satellites with vary-
ing spatial, spectral, and temporal resolutions offer distinct advantages 
for vegetation monitoring (Homolová et al., 2013). These offer diverse 
spectral bands, including visible and infrared wavelengths, making 
them effective tools for vegetation monitoring and assessment (Zeng 
et al., 2022). The Landsat and Sentinel satellite constellations, with 
their relatively high spatial resolution (≤ 30 m), facilitates studies of 
vegetation at local to regional scales (Yang et al., 2012; Frampton 
et al., 2013; Schultz et al., 2016). In contrast, the Moderate Reso-
lution Imaging Spectroradiometer (MODIS) satellites, with a coarser 
spatial resolution (250–1000 m), enable studies on a regional to global 
scale (Zhang et al., 2003, 2017).

Most studies address vegetation browning as a long-term pro-
cess (Zhang et al., 2017; Pan et al., 2018), often associated with rainfall 
deficits or rising average temperatures linked to climate change (Liu 
et al., 2021, 2023a). However, short-term changes due to climate vari-
ability are also suggested to be influenced by climate change (Thornton 
et al., 2014), and may drive rapid vegetation declines (De Jong et al., 
2012). In particular, drought severity has been recognised as a key 
disturbance capable of inducing rapid vegetation browning (Liu et al., 
2023a,b). While trend analyses are commonly used to identify long-
term changes, alternative methods can effectively characterise and 
monitor rapid browning events (Fang et al., 2018). Change detection 
algorithms, which account for both trends and short-term fluctuations, 
may therefore be suitable for tracing and studying sudden browning 
events (Wanyama et al., 2020).

When vegetation experiences stress, leading to a loss of vigour and 
greenness, these effects can be detected through vegetation indices such 
as the normalised difference vegetation index (NDVI) (Bannari et al., 
1995; Chapungu et al., 2020). As vegetation degradation progresses, 
metabolic processes, including photosynthesis, may decline, eventually 
leading to a reductions in vegetation productivity (Letts et al., 2010; 
Takahashi et al., 2020). This deterioration can be expressed as reduc-
tions in leaf area index (LAI) and, in severe cases, a decrease in gross 
primary productivity (GPP) (Vicca et al., 2016; Jiang et al., 2021; Chen 
et al., 2021). However, once disturbance sources subside, vegetation 
can recover over the medium term. This recovery can serve as a proxy 
for evaluating vegetation’s resilience and elasticity in response to stress, 
particularly in vegetation formations adapted to dry conditions (Liu 
et al., 2024).

Different vegetation characteristics and landscape attributes can 
significantly influence how vegetation responds to various disturbances
(Frolking et al., 2009; Smith et al., 2014). For instance, solar radiation 
varies with slope aspect (Duffie et al., 2020), and steeper gradients 
are often associated with shallower soils (Liu et al., 2001), which can 
affect how vegetation responds to stresses such as severe droughts. 
Additionally, vegetation types vary in their resilience to degradation 
sources, with some more adapted to stress conditions, enabling differen-
tial responses to disturbances (Chelli-Chaabouni, 2013; Vicente-Serrano 
et al., 2013). Latitudinal and altitudinal gradients, which influence 
rainfall patterns (Fuentes et al., 2024b), also introduce variations that 
affect drought propagation and its impact on vegetation.

Consequently, the primary objective of this research is to assess the 
relationship between vegetation browning, ecosystem resilience and 
drought propagation in central Chile using change detection algorithms 
to track vegetation responses to rapid and severe dry conditions. This 
analysis incorporates MODIS time series for NDVI, LAI, and GPP to 
track drought progression. We examine the timing and magnitude 
of changes in vegetation in relation to latitudinal, topographic and 
2 
vegetation differences. Furthermore, vegetation recovery extents, the 
lag time from disturbance events, and shifts in temporal autocorre-
lation of vegetation index time series are also evaluated as proxies 
for resilience. This study focuses on highly heterogeneous vegetation 
systems in central Chile, recognised as a biodiversity hotspot (Myers 
et al., 2000), which has experienced widespread browning linked to 
severe droughts (Miranda et al., 2020, 2023). However, browning 
assessments in this region have primarily relied on long-term trend 
analysis (Miranda et al., 2020) or time series of annual vegetation index 
anomalies (Miranda et al., 2023), and studies on vegetation recovery 
following browning events are still absent.

2. Materials and methods

2.1. Study region

This study was conducted in Chile, between the Valparaiso and 
O’Higgins regions (latitudes −34.98 – −32.02) in an area of 47,721 
km2, where widespread browning associated with prolonged drought 
conditions has been reported (Miranda et al., 2020, 2023; Fuentes 
et al., 2024a). The northern part of the study area has a semiarid 
climate (Köppen–Geiger BSk), while hot and warm summer Mediter-
ranean climates dominate most of the region (Koppen–Geiger Csa and
Csb). Eastward, towards the Andes, the climate transitions into cold-
summer Mediterranean and Tundra climates (Köppen–Geiger Csc and
ET, respectively) (Beck et al., 2018).

Elevation, annual rainfall and mean annual temperatures in the 
study region are shown in Fig.  1. Rainfall, which occurs predomi-
nantly in winter, follows a latitudinal gradient with higher precipitation 
levels towards the south. The region contains diverse vegetation forma-
tions (Luebert and Pliscoff, 2022), being dominated by sclerophyllous 
forests and shrubs, and thorny forests. These vegetation types dis-
play adaptive traits that enhance tolerance to water deficits (Yin and 
Bauerle, 2017) and reflect adaptations to the latitudinal gradient.

A persistent ‘‘megadrought’’ has impacted the study region since 
2010 (Garreaud et al., 2020). However, recent years have seen a slight 
offset in these water deficit conditions due to normal or above-average 
annual rainfall, particularly during 2023–2024, driven by the warm 
phase of El Niño Southern Oscillation (ENSO). The effects of this 
prolonged drought and recovery scenarios remain an active area of 
local research.

2.2. Remote sensing datasets and pre-processing

In this study, we used data from the MODIS Terra satellite to mon-
itor vegetation changes associated with severe droughts as a proxy for 
evaluating rapid browning processes and vegetation recovery. Specifi-
cally, we selected three products: (i) NDVI band from the Terra Veg-
etation Indices (MOD13A1) with a temporal resolution of 16 days; 
(ii) the LAI band from the Terral Leaf Area Index/FPAR (MOD15A2H) 
with an 8-day temporal resolution; and (iii) the GPP band from the 
Penman–Monteith–Leuning evapotranspiration dataset (PML_V2) with 
an 8-day temporal resolution. To ensure data quality, pixels with clouds 
or snow/ice in the NDVI collection were masked out based on the 
quality band information.

NDVI, which calculates the normalised difference between red and 
near infrared wavelength bands, is widely used as a proxy for monitor-
ing vegetation vigour (Al-Nasrawi et al., 2021). LAI represents the leaf 
area per unit of ground surface and is derived from surface reflectance 
data using a radiative transfer model and a look-up table (Myneni 
and Park, 2015). GPP, which estimates the amount of carbon fixed 
by vegetation through photosynthesis, is estimated through the PML 
model. This model integrates evapotranspiration via canopy conduc-
tance and utilises reflectance and meteorological data for accurate 
estimation (Zhang et al., 2019).
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Fig. 1. Study area showing physiographic characteristics: elevation, annual rainfall, mean temperature, and vegetation formations. Additionally, urban and agricultural areas which 
are significant in the region are also shown. Annual rainfall and mean temperatures were obtained from the WorldClim Climatology v1 dataset (Hijmans et al., 2005).
Table 1
Sources of data included in this study.
 Dataset Variable Spatial resolution Temporal resolution Operation period Source  
 MOD13A1 NDVI 500 m 16-days 2001–now Didan et al. (2015)  
 MOD15A2H LAI 500 m 8-days 2001–now Myneni and Park (2015)  
 PML_V2 GPP 500 m 8-days 2001–2023 Zhang et al. (2019)  
 Fire_cci v5.1 Fire 250 m monthly 2001–2020 Lizundia-Loiola et al. (2020)  
 MCD12Q1 Land Cover 500 m annual 2001–2023 Friedl and Sulla-Menashe (2019) 
 MERIT DEM DEM 90 m – – Yamazaki et al. (2017)  
 CR2/DGA/DMC Rainfall – monthly variable https://www.cr2.cl/  
 

Additionally, various datasets were used to mask out other sources 
of vegetation degradation ( Table  1). Fire data from the MODIS Fire_cci 
Burned Area Pixel Product v 5.1 from the European Space Agency 
(ESA) Fire Climate Change Initiative (Fire_cci), was aggregated over 
time (Lizundia-Loiola et al., 2020). To ensure pixel selection, a mask 
was created based on fire confidence levels, excluding pixels with 
a confidence level above 50% (indicating likely fire impact). Land 
cover data from the 2019 MODIS Land Cover Type dataset (MCD12Q1) 
following the Annual International Geosphere-Biosphere Programme 
classification was also used (Friedl and Sulla-Menashe, 2019); pixels 
not classified as natural vegetation were masked out. Additionally, 
3 
deforestation pixels from Fuentes et al. (2024a) and the Global Forest 
Watch platform (Watch, 2002) were excluded to isolate drought-driven 
vegetation changes by removing areas where deforestation was likely 
a confounding factor.

Other remote sensing data sources included the Multi-Error-Removed
Improved Terrain (MERIT) digital elevation model (DEM) with a 3-arc-
second spatial resolution, from which slope and aspect were derived. 
Vegetation formations were obtained from Luebert and Pliscoff (2022). 
Data acquisition, processing, and analysis were conducted using Google 
Earth Engine (Gorelick et al., 2017) and Google Colab. All gridded 

https://www.cr2.cl/
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Fig. 2. Rain gauges used in this study, with data at monthly temporal resolution, in-
stalled and managed by the Water Resources Directorate (DGA) and the Meteorological 
Directorate of Chile (DMC).

data sources were reprojected to match the MODIS spatial resolution 
(500 m).

2.3. Ancillary datasets

Monthly rainfall data from meteorological stations was obtained 
from the Centre for Climate and Resilience Research (CR2) and filtered 
based on the study region from 1980 to 2020. This was supplemented 
with recent records (post-2020) from the Water Resources Directorate 
(Dirección General de Aguas; DGA) and the Meteorological Directorate 
of Chile (Dirección Meteorológica de Chile; DMC). Stations were further 
filtered to include only those with at least 20 years of data, resulting in 
106 rainfall gauges (Fig.  2). The Standardised Precipitation Index (SPI) 
was calculated monthly using the calendar year from the rainfall series 
using a three-month window, as it reduces short-term noise while still 
capturing the short-term impacts of drought conditions (McKee et al., 
1993; Guenang and Kamga, 2014). Additionally, monthly rasters of SPI 
were generated by applying a radial basis function (RBF) interpolation 
with a linear function.

The reference dataset from Fuentes et al. (2024a), comprising 91 
polygons representing areas with vegetation browning due to droughts 
and 83 polygons indicating stable vegetation, was used to fine-tune the 
classification of vegetation browning in this study. This dataset was 
developed by visually interpreting temporal series of high-resolution 
images available in Google Earth Pro, with polygons drawn to represent 
various known sources of vegetation change.

2.4. Change detection algorithm

We estimated abrupt changes in vegetation index time series using 
the Continuous Change Detection and Classification (CCDC) algorithm 
as a segmentation method implemented in Google Earth Engine, which 
decomposes time series data into intra-annual, inter-annual, and struc-
tural changes. We selected CCDC because it enables pixel-wise time 
series analysis and the detection of short-term vegetation changes, 
including both degradation and recovery. Additionally, Fuentes et al. 
4 
(2024a) compared CCDC with other algorithms and found that it pro-
vides a fast response and performs well in tracking different vegetation 
changes. CCDC fits ordinary least squares (OLS) regressions, tracking 
deviations between observations and predictions to detect changes 
using time-stamped bivariate/multivariate data. Originally developed 
to monitor land cover changes (Zhu and Woodcock, 2014), the algo-
rithm assumes time series with inherent seasonality, trends, and breaks, 
estimating coefficients through OLS and fitting harmonic functions as 
follows: 
𝜌̂(𝑖, 𝑥)𝑂𝐿𝑆 = 𝑎0,𝑖 + 𝑎1,𝑖𝑐𝑜𝑠(

2𝜋
𝑇

𝑥) + 𝑏1,𝑖𝑠𝑖𝑛(
2𝜋
𝑇

𝑥) + 𝑐1,𝑖𝑥 (1)

in this case 𝑥 is limited to the boundaries: 
𝜏∗𝑘−1 < 𝑥 ≤ 𝜏∗𝑘 (2)

being 𝜌̂(𝑖, 𝑥)𝑂𝐿𝑆 the estimated value of the time series, 𝑥 the day of the 
calendar year; 𝑖 the dimensions of the time series (number of bands); 
𝑇  the number of days per year; while 𝑎0,𝑖; 𝑎1,𝑖, 𝑏1,𝑖; and 𝑐1,𝑖 are the 
overall (mean; 𝑎0), intra-annual change (seasonal; 𝑎1, 𝑏1), and inter-
annual (trend; 𝑐1) change coefficients for the 𝑖 band, respectively; and 
𝜏∗𝑘 are the 𝑘th break points.

CCDC assesses differences between predictions and observations by 
using the root mean square error (RMSE) within a defined time window 
in single-band or multi-band images: 

1
𝑘

𝑘
∑

𝑖=1

|𝜌(𝑖, 𝑥) − 𝜌̂(𝑖, 𝑥)𝑂𝐿𝑆 |

𝑛 × 𝑅𝑀𝑆𝐸𝑖
> 1(𝑧 consecutive times) (3)

where 𝑘 corresponds to the number of bands, 𝑛 is an RMSE-multiplying 
factor for change detection (set to 3 in this case), and 𝑧 indicates 
the required consecutive observations where errors exceed 𝑛 times the 
RMSE to confirm a change. We used the change dates and magnitudes 
retrieved by CCDC to evaluate vegetation browning caused by severe 
meteorological water deficits and its subsequent recovery. Change mag-
nitudes were calculated as the difference between the average NDVI 
values in stable periods before and after a detected change, capturing 
the impact of individual drought-induced shifts in vegetation. While 
these magnitudes are not cumulative in a strict sense, they may reflect 
the cumulative stress imposed by drought conditions over time. Up to 
five structural changes per pixel were stored and analysed, ensuring a 
detailed assessment of vegetation response to prolonged water deficits.

2.5. Evaluation of changes

The CCDC algorithm was applied with the parameter 𝑧 set to 5, 
and various chi-square probability thresholds, ranging from 0.9 to 0.99, 
were tested to optimise detection performance. The CCDC results were 
then compared with the change and stable polygons from the reference 
dataset of Fuentes et al. (2024a), with examples shown in Fig.  3. 
To evaluate the accuracy of the detected changes, we considered any 
CCDC-detected change within a change polygon as a valid change, 
while correct stable regions were defined as those where no CCDC 
changes were detected within stable reference polygons.

The performance of vegetation change detection was assessed using 
various metrics derived from the NDVI image collection using the 
adapted reference dataset. Parameters optimised for detection perfor-
mance using the NDVI collection were applied to other collections, 
assuming favourable results. The performance metrics evaluated in-
cluded overall accuracy (OA), F1-score, and Cohen’s Kappa (kappa) 
coefficient. The OA metric represents the proportion of correctly classi-
fied samples relative to the total sample size; the F1-score is particularly 
useful when the data is imbalanced and represents the harmonic mean 
between precision and recall; the Kappa coefficient, which is more con-
servative, indicates the level of agreement between observations and 
classifications, adjusting for chance agreement (Olofsson et al., 2014). 
Additionally, the area under the curve (AUC) for Receiver Operating 
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Fig. 3. Example areas containing series of three dates with vegetation affected by drought (first two row panels) and stable vegetation (last row panel).
Characteristic (ROC) curves was calculated using the trapezoidal rule. 
These metrics are calculated as: 
𝑂𝐴 =

𝑡𝑝 + 𝑡𝑛
𝑡𝑝 + 𝑓𝑝 + 𝑡𝑛 + 𝑓𝑛

(4)

𝑘𝑎𝑝𝑝𝑎 =
𝑃𝑜 − 𝑃𝑒
1 − 𝑃𝑒

(5)

𝐹1 = 2 ×
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙

(6)

being 𝑡𝑝, 𝑓𝑝, 𝑡𝑛, 𝑓𝑛, 𝑃𝑜, and 𝑃𝑒 true positive, false negative, true neg-
ative, false negative, the probabilities of real agreement, and probabil-
ities of agreement due to chance, respectively. Additionally, precision 
and recall can be estimated as: 
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑡𝑝
𝑡𝑝 + 𝑓𝑝

(7)

𝑟𝑒𝑐𝑎𝑙𝑙 =
𝑡𝑝

𝑡𝑝 + 𝑓𝑛
(8)

These metrics guided the selection of the chi-square threshold for 
the CCDC algorithm to enhance detection performance.

2.6. Vegetation browning and resilience assessment

Change dates and magnitudes were filtered in a first stage to include 
only negative changes (negative change magnitudes), representing veg-
etation browning. Given the extensive changes occurring as a response 
5 
to meteorological water deficits between the second half of 2019 and 
the end of 2020, browning changes were constrained to this period. 
The time lag in vegetation response was calculated as the difference 
between the onset of meteorological droughts, identified when SPI 
values fall below −1, and the NDVI-based vegetation change dates. 
Additionally, vegetation response propagation was further assessed by 
analysing GPP and LAI change dates, which indicate vegetation pro-
ductivity reduction. The cumulative effects of drought were evaluated 
through the change magnitudes of NDVI, GPP, and LAI, which quantify 
the severity of vegetation browning and productivity losses over time. 
The spatial extent of these vegetation changes was also estimated.

Vegetation changes were analysed to evaluate particular vulner-
abilities, focusing on latitudinal gradients, topographic features, and 
vegetation types. The latitudinal gradient in Chile significantly influ-
ences rainfall patterns and vegetation dynamics (Fuentes et al., 2024b), 
potentially affecting the timing and magnitude of vegetation changes. 
Topographic features, including slope aspect categorised into octants, 
and vegetation types, such as formations described by Luebert and 
Pliscoff (2022) and land cover classes from Friedl and Sulla-Menashe 
(2019) were also considered to explore vegetation vulnerability to 
water deficits. Differences in the magnitude and timing of changes 
in these categories were assessed to provide insights into the severity 
of water deficits and the lag in drought response. Statistical analysis 
included analysis of variance or the non-parametric Kruskal Wallis test 
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Fig. 4. Heat map of SPI in the study area, showing temporal variations in dry and wet conditions.
Fig. 5. Performance metrics calculated from detection changes using reference polygons of stable and drought affected vegetation depending on the chi-square probability used in 
the CCDC.
to assess possible spatial patterns exacerbating browning intensifica-
tion. Post-hoc comparisons employed Dunn’s multiple comparison test 
with a Bonferroni adjustment (Glantz et al., 2002). A p-value < 0.05 
was considered indicative of statistically significant differences across 
categories.

Subsequently, vegetation regrowth was assessed by examining pos-
itive changes in magnitude following browning events in pixels that 
experienced significant declines in vegetation. Vegetation regrowth 
was analysed from 2021 onward, as severe water deficits subsided 
afterwards, allowing for the evaluation of regrowth extent, magnitude, 
and lagged response as key indicators of resilience (Liu et al., 2024). 
Beyond regrowth metrics identified through change detection algo-
rithms, resilience was further examined by assessing long-term shifts 
in vegetation stability, following Forzieri et al. (2022). Specifically, we 
analysed changes in temporal autocorrelation (TAC) of kNDVI: 
𝑘𝑁𝐷𝑉 𝐼 = 𝑡𝑎𝑛ℎ(𝑁𝐷𝑉 𝐼2) (9)

kNDVI serves as a proxy for vegetation productivity and is par-
ticularly suited for evaluating long-term shifts in ecosystem stabil-
ity. This transformation enhances sensitivity to structural vegetation 
changes and may facilitate the detection of resilience patterns over 
time. TAC changes in kNDVI were analysed for two periods,2000–2012 
and 2013–2024.

For the TAC analysis, images were first converted from NDVI to 
kNDVI, then de-seasonalised by subtracting mean kNDVI values aggre-
gated by the day of the year. The time series were further detrended 
using ordinary least squares regression. TAC was calculated at the 1-lag 
6 
for the periods 2001–2012 and 2013–2024, with these periods chosen 
to capture distinct phases in the data. The earlier period (2001–2012) 
represents a baseline or pre-disturbance period, while the later period 
(2013–2024) reflects potential changes associated with climate-related 
stressors, land use, or other factors. Changes in TAC, quantified as 𝛿TAC
by subtracting TAC values of the two periods, allow for the analysis of 
shifts in vegetation resilience over time. Land cover classes including 
agricultural lands were masked out in this analysis. An increase in TAC 
(𝛿TAC > 0) indicates a decline in forest resilience because it reflects the 
system’s reduced ability to recover from disturbances, a phenomenon 
known as critical slowing down (Weinans et al., 2021). This suggests 
that the ecosystem is becoming less stable and more vulnerable to 
tipping points or regime shifts under environmental stressors (Forzieri 
et al., 2022).

3. Results

3.1. Meteorological drought and change detection validation

Fig.  4 presents a heat map of drought conditions across the study 
region, highlighting that dry conditions have dominated a significant 
portion of the territory over the past decade. Notably, pronounced 
rainfall deficits occurred in mid-2019 and extended through 2020. In 
contrast, wetter conditions emerged in 2023, partially attributed to a 
strong El Niño event (Lian et al., 2023).

The performance of the NDVI-based vegetation change detection 
using reference polygons is shown in Fig.  5. Setting the chi-square 
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Fig. 6. Vegetation changes for NDVI (top panel), GPP (middle panel) and LAI (bottom panel) MODIS image collections using CCDC, showing change dates and change magnitudes.
probability to 0.95 in the CCDC algorithm yielded the best results, 
with an OA of 0.95, a F1-score of 0.96, a kappa of 0.91, and an 
AUC of 0.96. This chi-square probability was subsequently applied to 
additional analyses. However, performance declined when evaluating 
against GPP vegetation changes, with results showing an OA of 0.87, 
a F1-score of 0.86, a kappa of 0.75, and an AUC of 0.88, which was 
deemed sufficient for further analysis.
7 
3.2. Tracking drought propagation in vegetation: browning and recovery

Vegetation changes are shown in Fig.  6, with NDVI changes in the 
top panel, GPP in the middle panel, and LAI in the bottom panel. The 
spatial discontinuity of drought-induced vegetation changes is expected 
due to multiple interacting factors such as topography, vegetation 
types, and land cover characteristics (Hollunder et al., 2021), leading 
to a heterogeneous pattern of browning across the landscape. NDVI 
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Fig. 7. Spatial distribution of drought lagged response times for vegetation indices (NDVI, GPP, and LAI) (top row) and corresponding histograms of lag times (bottom row).
changes cover the largest area (9200 km2), followed by GPP (5697 
km2) and LAI (4026 km2). This indicates that not all reductions in 
vegetation vigour lead to significant productivity loss. Additionally, a 
lagged response is observed, with structural changes in LAI and GPP 
following NDVI changes (Fig.  7).

Time series of NDVI for pixels experiencing changes across different 
latitudes are shown in Fig.  8, while GPP are LAI time series are in 
the Supplementary Materials (Figures S1 and S2, respectively). NDVI 
exhibits greater seasonal fluctuation and higher interquartile ranges 
(IQR) in northern regions. In contrast, GPP and LAI show increased IQR 
in southern regions with large deviation, possible due to the impact on 
deciduous forests and greater vegetation variability in the LAI series. 
Change dates in the NDVI series correspond to a sharp drop below prior 
minimum values, followed by a gradual recovery trend in subsequent 
years. GPP and LAI changes are also evident, though less pronounced 
compared to NDVI.

Vegetation recovery, expressed as positive changes in vegetation 
indices detected in pixels affected by browning after 2021, is in Fig.  9. 
The extent of these recovery changes is significantly smaller than the 
browning extent, indicating a partial recovery of vegetation that has 
not yet returned to pre-drought conditions. Specifically, only 23.9%, 
12.7%, and 21% of the areas affected by browning in terms of NDVI, 
GPP, and LAI, respectively, show signs of recovery. Fig.  10 shows the 
spatial distribution of vegetation recovery lag times, measured from 
the onset of vegetation drought response (browning) detected through 
NDVI. The histograms indicate that LAI generally has the longest recov-
ery time, while NDVI recovers slightly faster on average. The observed 
spatial variability suggests that ecosystem resilience differs across the 
region, likely influenced by vegetation type and local environmental 
conditions.

Histograms of change dates and magnitudes for the study region 
are in Fig.  11. Vegetation browning is represented in red, indicating 
negative change magnitudes, while vegetation recovering is shown in 
blue, corresponding to positive change magnitudes. Browning events 
are concentrated within shorter time frames compared to vegetation 
recovery, which show a more prolonged and disperse lag in response. 
While changes in vegetation indices exhibit similar patterns, signifi-
cantly more NDVI changes occur and tend to peak on average about two 
months earlier than GPP and LAI changes (approximately 60 days ear-
lier). The lag between rainfall deficits, marked by the onset of moderate 
drought conditions, and negative changes in NDVI averages around 6.6 
8 
months (approximately 200 days; Fig.  7). In contrast, negative changes 
in GPP and LAI appear on average about 8.7 months after rainfall 
deficits (approximately 260 days). For vegetation recovery, responses 
following the onset of vegetation browning occur on average 3.3, 3.6, 
and 3.9 years later for NDVI, GPP, and LAI, respectively.

Change magnitudes vary depending on the normal range of each 
vegetation index: NDVI typically ranges between 0 and 1 for veg-
etation, GPP between 0 and 39 gC m−2 d−1, and LAI between 0 
and around 10. Negative change magnitudes, associated with brown-
ing, decrease in frequency as magnitude decreases, whereas positive 
change magnitudes, associated with recovery, are more evenly dis-
tributed. Additionally, violin plots of change magnitudes by date range 
are displayed in Fig.  12. Browning-related change magnitudes (A) 
show a relatively uniform pattern across vegetation indices, while 
recovery-related magnitudes exhibit contrasting behaviours. NDVI re-
covery magnitudes tend to increase over time, whereas GPP and LAI 
recovery magnitudes show high variability.

3.3. Browning and its interrelation with other variables

Fig.  13 shows the amount and distribution of browning pixels 
according to latitudinal distribution (i.e., proxy for water availability), 
topographic aspect (i.e., proxy for radiation and water availability), 
vegetation formation, and land cover type. Significant differences were 
observed in the dates and magnitudes of vegetation changes across 
latitudes when using different indices (Fig.  13 top panel; Supplemen-
tary Materials, Tables S1- S6). For example, we observed an NDVI 
trend of delayed change dates southward, indicating a slower propa-
gation of drought effects towards southern regions. In contrast, other 
vegetation indices such as GPP and LAI appear less sensitive to lat-
itudinal variations. In terms of change magnitudes, NDVI exhibits 
greater data dispersion compared to GPP and LAI, although all indices 
show considerable fluctuation across latitudes. It is important to note 
that changes in NDVI do not always correspond with changes in LAI, 
highlighting that shifts in vegetation vigour (as indicated by NDVI) do 
not necessarily reflect alterations in productivity.

Significant differences were also identified across aspect octants 
(second row panel of Fig.  13; Supplementary Materials, Tables S7–S13). 
Notably, greater differences in change dates across aspect octants were 
found when evaluating productivity (LAI and GPP) rather than vegeta-
tion vigour (NDVI). For vegetation productivity, change dates tended to 
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Fig. 8. NDVI time series with median values (solid blue line) and interquartile ranges (IQR; blue shading) across latitudes. The mean change date detected by the algorithm is 
shown as a dashed red line. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
group into two main clusters: one comprising the western, northwest-
ern, northern, and northeastern octants, and another with the eastern, 
southeastern, southern, and southwestern octants, where changes oc-
curred later. A leftward shift in normalised change magnitudes for 
NDVI was observed in the southern, southeastern, and southwestern oc-
tants, while a rightward shift was noted in the northern, northwestern, 
and western octants. In contrast, LAI showed fewer differences across 
octants, with most distinctions occurring specifically in the western 
octant compared to other directions.
9 
Most vegetation changes occur within Sclerophyllous forest for-
mations (third row panel if Fig.  13), though there are significant 
differences across vegetation types (Supplementary materials, Tables 
S13–17). Changes appear earlier in thorny shrublands and later in 
deciduous forests and Andean shrublands. Interestingly, deciduous and 
sclerophyllous forests show similar patterns in vegetation productivity 
across change dates. The largest positive shift in change magnitude oc-
curs in Andean shrublands, while the largest negative shift is observed 
in Sclerophyllous forests.
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Fig. 9. Recovery in vegetation changes for NDVI (top panel), GPP (middle panel), and LAI (bottom panel) MODIS image collections using CCDC, showing dates of change and 
change magnitudes.
The bottom panel of Fig.  13 illustrates changes across land cover 
types. The majority of changes occur in savanna and woody savanna 
classes, followed by grasslands. While NDVI change dates vary across 
10 
land cover classes, productivity changes (GPP and LAI) in forests and 
woody savanna occur later than in herbaceous or shrubland classes. In 
terms of change magnitudes, both forest classes tend to cluster together, 
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Fig. 10. Spatial distribution of recovery lagged response times for vegetation indices (NDVI, GPP, and LAI) (top row) and their corresponding histograms (bottom row), showing 
the frequency of lag times in months.
Fig. 11. Histograms of dates and magnitudes of changes for NDVI (top panel), GPP (middle panel), and LAI (bottom panel) collections for vegetation browning (red) and recovery 
(blue). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
displaying a strong shift towards negative normalised magnitudes. This 
indicates that these forest classes experience larger change magnitudes 
relative to their mean values.

3.4. Shift in vegetation resilience

The previous sections analysed how drought conditions propagated 
into vegetation, leading to browning events and subsequent recovery. 
11 
However, an equally critical aspect is whether disturbances, including 
meteorological conditions, have induced long-term shifts in vegetation 
resilience. To assess this, we evaluate changes in kNDVI temporal 
autocorrelation (TAC) across two periods as a proxy for vegetation 
resilience (see Section 2.6).

Fig.  14 illustrates the spatial distribution of 𝛿TAC (left) and its 
probability density (right). A large portion of the study area shows a 
positive shift in 𝛿TAC between the period 2000–2012 and 2013–2024, 
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Fig. 12. Violin plots of change magnitudes for different date ranges for NDVI, GPP, and LAI, showing vegetation browning (A) and recovery (B).
indicating a general decrease in vegetation resilience. This difference is 
more pronounced in areas experiencing vegetation changes. The prob-
ability density plot further highlights this shift towards positive values, 
reinforcing the observed reduction in vegetation resilience across the 
region. Overall, 87.2% of the pixels display a positive shift, while only 
12.7% show a negative shift, predominantly in the southwest region, 
where forestry activities are more prevalent and where large fires took 
place in 2017 (Bowman et al., 2019).

4. Discussion

4.1. Vegetation browning and change detection algorithms as proxies for 
drought propagation assessment

One of the most commons approaches to studying drought propaga-
tion involves the use standardised indices (Zargar et al., 2011; Zhang 
et al., 2022). In vegetation systems, this approach is often implemented 
through the standardisation of NDVI or other vegetation indices (Peters 
et al., 2002). The lagged response of vegetation or agricultural systems 
to atmospheric conditions has typically been studied by analysing the 
onset of deficit conditions (Zhang et al., 2022). In vegetation, this 
often involves using standardised indices similar to SPI, where drought 
conditions are assumed to begin when the standardised vegetation 
index falls below −1 (Li et al., 2020); the lag between signals is 
then calculated as the difference in onset times. Another method for 
assessing vegetation’s lagged response involves calculating the time 
lag at which maximum autocorrelation occurs between standardised 
meteorological and vegetation indices (Fuentes et al., 2022). Similarly, 
the extent of drought impact on vegetation or agricultural systems is 
often determined using the same methodologies.

In this study, change detection using the CCDC algorithm proved 
to be a valuable tool for tracking drought propagation through veg-
etation browning, offering an alternatively to conventional methods 
and algorithms (De Jong et al., 2012). This approach can be applied 
not only to assess the spatial extent of vegetation affected by drought 
but also to evaluate vegetation’s lagged response to meteorological 
drought and the magnitude of change in impacted areas. However, 
to accurately detect drought-specific signals and avoid confounding 
effects from other forms of vegetation degradation, additional steps 
may be required to isolate changes associated solely with drought 
impacts (Fuentes et al., 2024a).

One drawback of change detection methodologies is the latency in 
detecting changes, as most algorithms require a set of observations 
12 
rather than a single record to define a change, thus reducing potential 
artefacts and outliers (Zhu et al., 2020). This delay, however, depends 
on the specific algorithm and the temporal resolution of the data 
used (Bullock et al., 2022). For example, Fuentes et al. (2024a) found 
that the CCDC algorithm performed well in terms of both accuracy 
and the temporal lag between disturbances and change detection using 
Landsat images, though a minimum lag of two months was still required 
to detect 50% of changes. In remote sensing, latency also varies accord-
ing to the satellite used, due to differences in revisit times (Francini 
et al., 2020). Consequently, the more frequent the image acquisition, 
the faster the potential for change detection (Zhu, 2017). Although 
algorithm parameters can help to mitigate these delays, it is essential 
to balance detection speed with accuracy to minimise false alarms. This 
balance ultimately depends on the specific processes being studied and 
the decision-making context (Bullock et al., 2022).

Image spatial resolution is also an important factor in change de-
tection analysis (Hammer et al., 2014; Francini et al., 2020). Given the 
widespread browning in the studied region, the moderate resolution 
provided by MODIS is appropriate for tracking these changes. However, 
for processes occurring at finer scales or for accurately determining 
the extent of these processes, higher-resolution data sources may be 
necessary (Morton et al., 2005). Additionally, high-resolution imagery 
can better capture the small-scale factors that influence drought propa-
gation, which often vary significantly across the landscape. Therefore, 
given the differences in spatial scales it may be valuable to explore 
multi-scale analyses to study micro-processes that might be obscured 
by moderate-resolution data (Fassnacht et al., 2021).

One important limitation of this study is the lack of in-situ veg-
etation observations for evaluation. Chávez et al. (2022) previously 
addressed this issue, presenting PhenoCam images from the study 
region that show significant vegetation browning starting in December 
2020, with a pronounced decline in vegetation greenness by January 
2021. This is consistent with the patterns observed in our analysis. Fur-
thermore, Fuentes et al. (2024a) analysed Landsat-based NDVI changes, 
reporting similar drought-driven vegetation declines during the same 
period. However, there remains an urgent need for enhanced ground-
based monitoring in the region. While a PhenoCam network is currently 
under development in Chile (Chávez et al., 2020), their records start 
in 2023. Additionally, flux towers have been installed, but most are 
concentrated in southern Chile, leaving central Chile underrepresented 
in in-situ vegetation monitoring.

The observed differences in browning and recovery times between 
NDVI, LAI, and GPP may be caused by their distinct biophysical sen-
sitivities. NDVI responds rapidly to changes in canopy chlorophyll 
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Fig. 13. Stacked bar plots of change pixels (left column panel) and boxplots of change dates (middle column panel) and normalised magnitudes of change (right column panel) 
for NDVI, GPP, and LAI across different latitudes (top panel), aspect octants (second row panel), vegetation formations (third row panel), and land cover classes (bottom panel).
content, making it effective for detecting short-term fluctuations but 
prone to saturation in dense vegetation (Pettorelli et al., 2005). LAI, 
which reflects total leaf area, captures structural vegetation changes 
and typically recovers more slowly than NDVI, as leaf development 
lags behind initial greening (Myneni et al., 2002). GPP, representing 
vegetation carbon assimilation, integrates both structural and phys-
iological factors, providing insight into functional recovery beyond 
greenness alone (Running et al., 2000; Anav et al., 2015). These dif-
ferences highlight the complementary roles of NDVI, LAI, and GPP in 
assessing vegetation changes, with NDVI capturing early responses, LAI 
reflecting structural changes, and GPP indicating productivity shifts. 
This study empirically evidences a sequence in vegetation’s response to 
disturbances: vegetation vigour is initially impacted by severe dry con-
ditions, with structural changes becoming evident some months later. 
However, not all changes in vegetation vigour propagate to structural 
or functional shifts. Approximately 60% of the area showing changes 
in vegetation vigour (NDVI) also exhibited changes in GPP, while 44% 
13 
showed changes in LAI. These shifts in productivity and structural 
indicators occurred with an average delay of about 2.1 months later.

However, LAI and GPP estimates are subject to inherent uncer-
tainties that must be considered. LAI, often derived from radiative 
transfer models, is influenced by model assumptions, sensor limitations, 
and biome-specific parameterisations (Myneni and Park, 2015). Despite 
these challenges, studies have reported reasonably good agreement be-
tween LAI estimates and field observations across different land cover 
types (Garrigues et al., 2008; Hill et al., 2006). Similarly, GPP esti-
mates are affected by uncertainties related to input data quality, model 
parameterisation, and validation constraints. For instance, Zhang and 
Ye (2022) found that machine learning-based GPP estimates exhibited 
an average uncertainty of 14.3%, with variations across biomes. These 
uncertainties underscore the need for careful interpretation of LAI 
and GPP results. Nevertheless, these remotely sensed products remain 
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Fig. 14. Spatial distribution of 𝛿TAC for kNDVI between the periods 2000–2012 and 2013–2024 (left), and probability density distribution for the study region (right). Values in 
the right panel indicate the percentage of pixels with positive and negative 𝛿TAC values.
invaluable for large-scale ecosystem monitoring, providing critical in-
sights into vegetation dynamics, carbon fluxes, and climate change 
impacts.

4.2. Factors conditioning vegetation vulnerability

Among the applications that arise from assessing drought prop-
agation is the potential to study factors that may either attenuate 
or exacerbate drought impacts on the systems under study. In this 
case, vegetation vulnerability may be influenced by multiple factors, 
such as latitudes, topography, vegetation type, and land cover (Navas 
et al., 2008; Gonzalez et al., 2010; von Keyserlingk et al., 2021; Wei 
et al., 2022). However, further investigation into additional factors, 
such as soil properties and specific vegetation traits, which may exhibit 
higher spatial variability, could provide deeper insight into vegetation 
responses to drought. This will be addressed in future works using 
higher-resolution products.

Understanding the factors that shape drought propagation can guide 
resource prioritisation to bolster resilience against drought conditions 
and support the development of practices to enhance vegetation re-
silience (North et al., 2019; von Keyserlingk et al., 2021). For instance, 
in reforestation efforts, vegetation types adapted to dry conditions 
could be strategically selected for areas prone to droughts (Ramón 
Vallejo et al., 2012). Zheng et al. (2024), in their evaluation of drought 
responses in Argentina, identify shrublands as exhibiting the greatest 
resistance, consistent with the findings of the present study, while 
humid regions demonstrated the least drought tolerance. Additionally, 
understanding the lag in vegetation response and identifying vegetation 
types and locations where browning occurs sooner may enable pre-
emptive responses in areas affected later, serving as an early warning 
system to improve drought management (Fuentes et al., 2022). For 
instance, faster vegetation responses to drought often occur northwards 
or in thorny and open shrublands, where their early affectation could 
trigger pre-emptive measures in systems with delayed drought re-
sponses, such as deciduous forests, Andean shrublands, and ecosystems 
in southern latitudes.

4.3. Vegetation resilience

Change detection algorithms coupled with temporal autocorrelation 
analysis can enhance vegetation resilience knowledge, serving as prox-
ies for its study. By revealing delayed and incomplete recovery dynam-
ics, as well as spatial patterns of resilience loss, these methods provide 
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critical insights into ecosystem vulnerability. The limited area exhibit-
ing both vegetation browning and subsequent recovery, combined with 
the observed lagged recovery of about four years post-disturbance and 
the shift of TAC towards higher values, raises concerns regarding veg-
etation resilience loss. Although similar trends have been documented 
in other ecosystems (Forzieri et al., 2022), the shift observed in the 
Mediterranean-climate region of central Chile is particularly acute, 
highlighting the effects of prolonged dry conditions that have persisted 
for over a decade (Garreaud et al., 2020). This region holds special 
significance as a biodiversity hotspot (Marchese, 2015) with many of 
its ecosystems, which host the analysed vegetation, classified as threat-
ened under the International Union for Conservation of Nature (IUCN) 
criteria (Alaniz et al., 2016). Thus, any shifts or declines in vegetation 
health could impact both biodiversity and ecosystem services (Smith-
Ramirez et al., 2023), underscoring the need for increased attention 
and action.

Although the prolonged dry conditions of the megadrought, which 
began in 2010, may have increased vegetation susceptibility, time 
series analysis does not show an abrupt decline in vegetation before 
2019. The drought events of 2019 - 2020, however, triggered a rapid 
and widespread browning in vegetation. The exact causes behind this 
vegetation shift remain unclear. Allen et al. (2015) identifies several 
global vulnerability drivers of vegetation shift under climate warming, 
which may be relevant to study in this region.

While many studies indicate that vegetation ‘‘greening’’ remains 
the dominant global trend (Zhu et al., 2016; Zhang et al., 2017; 
Piao et al., 2020), vegetation browning has been observed in various 
regions (Cortés et al., 2021) and can sometimes be concealed in long-
term trends (Pan et al., 2018). Central Chile is among the regions 
where browning events have been documented, highlighting a shift 
in vegetation resilience. Therefore, studies on vegetation vulnerability 
are essential to address the impacts of climate change and promote 
resilience and adaptability to water deficits.

5. Conclusions

Drought propagation was assessed using the CCDC algorithm to 
evaluate a widespread browning event in central Chile. Vegetation 
changes were tracked through NDVI, GPP, and LAI indices from MODIS 
satellites, and the CCDC algorithm estimated the extent, magnitude 
and timing changes while isolating other known sources of vegetation 
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degradation. Factors influencing vegetation vulnerability to drought 
and shifts in vegetation resilience were also analysed. Although this 
study focused on a specific region, the methodology can be applied 
broadly for drought propagation assessment in other areas. An empir-
ical sequence in vegetation response to meteorological drought was 
observed, with initial vigour losses later translating into productivity 
reduction. However, not all losses in vegetation vigour led to subse-
quent productivity declines. About 19% of the study area exhibited 
declines in vegetation vigour, 12% in GPP, and 8% in LAI. Vegetation 
vigour responded to water deficits in roughly 6.6 months, while pro-
ductivity changes lagged by about 8.7 months. Vegetation recovery, 
however, took an average of 3.6 years following the initial degradation, 
and the recovery extent was notably smaller than that of browning. 
Various factors such as topography, vegetation types, and latitude 
contributed to significant variations in the magnitude and timing of 
changes, highlighting key influences on vegetation vulnerability. A 
shift in vegetation resilience was also detected, underscoring the need 
for further studies to clarify the causes of browning and to develop 
strategies that promote vegetation resilience and adaptability in the 
face of climate change.
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