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Abstract: In 2023, most parts of the world experienced exceptional heat. In particular, anomalous 
warm temperatures and heatwave events were evidenced across South America during the second 
half of the year. The situation was particularly critical in the Amazon region in terms of not only 
hydrometeorological drought but also ecological and socioeconomic impacts. In this study, remote-
sensing data collected from the Moderate Resolution Imaging Spectroradiometer (MODIS) were 
used to observe the changes in temperature and vegetation across Amazonia during the exceptional 
drought of 2023. This analysis was based on anomalies in the land surface temperature (LST) and 
vegetation indices: the enhanced vegetation index (EVI) and the normalized difference vegetation 
index (NDVI). The amplitude of the LST (AMP-LST), an indicator of the energy partitioning be-
tween the latent and sensible heat flux, and fire counts were also considered. The results show wide-
spread and extreme warming across Amazonia during the austral spring in 2023, accompanied by 
a decline in vegetation greenness, water stress conditions across northern Amazonia, and an en-
hanced fire occurrence across central and northern Amazonia. 
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1. Introduction 
The year 2023 has been recognized as the hottest year on record, surpassing the pre-

vious record established in 2016. Widespread warm temperature anomalies and extreme 
heatwaves occurred during the second half of the year across South America [1]. During 
this period, extremely warm and drought conditions hit the Amazon, leading to huge eco-
logical and socioeconomic impacts [2–4]. This historical dry situation was observed early 
in the 2022–2023 hydrological year (since November 2022), particularly in the southwest-
ern Amazon basin, and it has impacted central and northern Amazonia since June 2023. 
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This evolution of this dry situation has been associated with the transition from La Niña 
in 2022 to El Niño in the austral winter of 2023 [2]. Moreover, during the austral winter 
and spring of 2023, climate change exacerbated El Niño’s impacts on the region [5]. 

It is important to remark that different definitions of drought are provided in the 
literature. In particular, this study considers a definition of drought from a climatic point 
of view, which results from precipitation deficits (and inadequate timing of precipitation) 
and/or water stress due to increased evapotranspiration caused by high temperatures [6]. 
The 2023 drought across Amazonia was also characterized by extremely low water levels 
at the Port of Manaus, which is an indicator used to declare a state of emergency [2]. 

Remote-sensing techniques provide a valuable tool to understand and assess the dry 
season and/or drought impacts across vast regions such as the Amazon forest canopies 
[7]. Several studies have used remotely sensed vegetation indices (VIs) to assess the re-
sponse of Amazonian forests to drought [8–10]. Still, the results and conclusions from 
these studies have been controversial [11–14]. Most of these controversies arise because of 
the impacts of atmospheric correction (including cloud masking and sun–surface–sensor 
geometry) on the near-infrared surface reflectance used to compute these VIs [clouds]. 
Therefore, it is recommended to use the latest versions of remote-sensing products when-
ever these versions include improvements in atmospheric correction and cloud discrimi-
nation [13]. In contrast, remotely sensed land surface temperature (LST) has probably 
been less exploited than VIs to assess the impacts of drought on the Amazon forest, alt-
hough some publications have also highlighted the usefulness of this parameter for these 
kinds of studies [15–19]. In addition, satellite imagery has also been used to analyze the 
link between drought and fires in the region [20,21]. 

Early studies aiming at the characterization of the drought of 2023 across Amazonia 
used hydrometeorological and reanalysis data to assess the atmospheric dynamics during 
the event and the link with the sea surface temperature (SST) anomalies across the tropical 
Pacific and North Atlantic oceans and the impacts on precipitation and river water levels 
[2,3]. However, to our knowledge, the impacts on temperature and vegetation cover based 
on observational remote-sensing data have not yet been reported. Therefore, the objective 
of this paper was to provide the first analysis of the magnitude of surface temperature 
anomalies and the changes in vegetation cover and content during the 2023 drought across 
Amazonia using Moderate Resolution Imaging Spectroradiometer (MODIS) land cover 
products. 

2. Materials and Methods 
2.1. Study Area 

The study area was delimited by the Amazon drainage basin plus the Tocantins–
Araguaia drainage basin (Figure 1). This delimitation was based on the definition of the 
Science Panel for the Amazon [22]. This region features a tropical climate, with consist-
ently high temperatures ranging from 24 °C to 29 °C [23] and substantial annual precipi-
tation, with mean annual values of around 2200–2500 mm per year [24,25]. The South 
American Monsoon System (SAMS) [26], through mechanisms like the South Atlantic 
Convergence Zone (SACZ) [27,28] and the South America Low-Level Jet (LLJ) [29] east of 
the Andes, significantly influences this region, bringing moisture to the basin. Heavy rains 
and thunderstorms during the austral summer (December–March) also happen due to 
intense convection systems like the Intertropical Convergence Zone (ITCZ) [30]. 
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Figure 1. Land cover of the study area. The thick black line delineates the Amazon River basin, 
including the Tocantins–Araguaia drainage basin. Grey thin lines indicate the country’s borders. 
The study area is arbitrarily divided into four quarters (black lines): Northeast (NE), Northwest 
(NW), Southwest (SW), and Southeast (SE). Five different land-cover classes are visualized: ever-
green broadleaf forests (EBF), deciduous broadleaf forests (DBF), savannas and woody savannas 
(SAV), grasslands (GRA), and croplands (CRO). Brazilian states within the Amazon basin are also 
labeled: AM (Amazonas), RR (Roraima), AP (Amapá), PA (Pará), MA (Maranhão), TO (Tocantins), 
CO (Goiás), MT (Matto Grosso), RO (Rondônia), and AC (Acre). 

The area included the Amazon rainforest identified as being of the evergreen broad-
leaf forest (EBF) class (see Section 2.2 for details), although other classes such as grasslands 
or savannah-like vegetation are also present in the eastern Amazonia–Cerrado transition 
zone. The area was divided into four different quarters to account for north–south and 
west–east variations, arbitrarily delimited by latitude 5S and longitude 60W. These four 
regions are mainly characterized by different rainfall and evapotranspiration regimes [31–
33], and they will be referred to as Northeast (NE), Northwest (NW), Southwest (SW), and 
Southeast (SE) (Figure 1). 

2.2. MODIS Datasets and Derived Products 
A variety of MODIS products were generated from data acquired with the Terra and 

Aqua platforms [34]. Because of the optimal time overpass of the Aqua platform, MODIS 
Aqua products (MYD) were mostly selected for this study. Unless stated to the contrary, 
monthly products in a 0.05-degree latitude/longitude grid from March 2002 to February 
2024 were considered for the extraction of results. 

The MYD11C3v6.1 product was selected to compute daytime LST monthly anoma-
lies. The LST was retrieved from a combination of the split window and day/night algo-
rithms and a classification-based approach for emissivity, with reported accuracies of 1 K 
[35]. Earlier versions of this product were also used and tested in previous studies con-
ducted in Amazonia [17,36–39]. 

The amplitude of the LST (AMP-LST) was computed as the difference between day-
time and nighttime monthly LSTs (LSTday − LSTnight) extracted from the MYD11C3v6.1 
product. This variable provides insights into the temperature amplitude, which is a crucial 
parameter for understanding the partitioning of available energy, especially in regions 
where soil and surface water availability are limiting factors [40]. The AMP-LST can be 
used as a valuable water stress indicator as it reflects the thermal response of the land to 
water availability and stress conditions. 

Based on the different but complementary information provided by the LST and 
AMP-LST, both variables were combined to identify regions under heat stress alone or 
water stress. Hence, when both the LST and AMP-LST provided positive and statistically 
significant standardized anomalies (values greater than +1), we classified pixels 
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accomplishing this condition as “water stress”, whereas those pixels with statistically sig-
nificant LST standardized anomalies (>+1) and positive but non-significant AMP-LST 
standardized anomalies were classified as “heat stress”. 

The MYD13C2v6.1 product was selected to extract information about changes in veg-
etation properties via the normalized difference vegetation index (NDVI) and the en-
hanced vegetation index (EVI) [41]: 𝑁𝐷𝑉𝐼 = ఘಿ಺ೃିఘೃఘಿ಺ೃାఘೃ  (1)

𝐸𝑉𝐼 = 𝐺 × 𝜌ேூோ − 𝜌ோ𝜌ேூோ + ሺ𝐶ଵ𝜌ோ − 𝐶ଶ𝜌஻ሻ+ 𝐿 (2)

where ρNIR, ρR, and ρB are the reflectances for the near-infrared (NIR), red (R), and blue (B) 
spectral bands, respectively. In the case of the EVI (Equation (2)), values of G = 2.5, C1 = 6, 
C2 = 7.5, and L = 1 were considered. Both indices are based on the difference between ρNIR 
and ρR. These parts of the electromagnetic spectrum are indicative of vegetation health. 
Healthy vegetation shows a high ρNIR compared with ρR (and, thus, high NDVI or EVI 
values), due to the structure of the chlorophyll molecules and cellular structures in leaves 
[42]. The EVI also includes ρB to account for atmospheric correction. The G and L coeffi-
cients were introduced to enhance the sensitivity in high-biomass areas and correct for 
canopy background reflectance [26]. 

The MOD14A1-C6 (Terra) and MYD14A1-C6 (Aqua) products were obtained from 
NASA’s Fire Information for Resource Management System (FIRMS) and consisted of a 1 
km gridded daily composite of active fires detected in each grid cell. These products were 
selected to extract information about changes in fire patterns [43]. Accumulated 1 km ac-
tive fires were computed for each 0.25° cell to allow us to assess seasonal anomalies and 
standardized anomalies, as described in Section 2.3. Only type = 0 (vegetation-related) 
active fire pixels were selected. 

Additionally, the combined Terra/Aqua MODIS land cover product MCD12C1v6.1 
[44] was used to identify major classes in the study area (Figure 1). 

2.3. Computation of Seasonal Anomalies 
Anomalies (a) and standardized anomalies (astd) were computed from monthly values 

using the base period 2003–2020: 𝑎௜ = 𝑥௜ − 𝑥పഥ  (3)

𝑎௦௧ௗ,௜ = 𝑥௜ − 𝑥పഥ𝜎௜ = 𝑎௜𝜎௜  (4)

where x is the analyzed variable (LST, AMP-LST, NDVI, EVI, and fire counts) for a given 
month or a given season i, 𝑥̅ is the mean value of the analyzed variable over a reference 
period (2003–2020), and σ is the standard deviation of that mean value. Standardized 
anomalies are similar to the z-score, which indicates the deviation of the variable from its 
mean, expressed in units of its standard deviation distribution [45]. Therefore, astd values 
between +1 and −1 are within 1 standard deviation of the mean; thus, they are considered 
to represent normal variations in the data. Conversely, when astd values are below −1 or 
greater than +1, the anomaly of the analyzed variable is statistically different from 0. 

The monthly values of the analyzed variables (LST, AMP-LST, NDVI, and EVI) were 
averaged to obtain seasonal values for the seasons December–January–February (DJF), 
March–April–May (MAM), June–July–August (JJA), and September–October–November 
(SON). Additionally, the season from August to October (ASO) was also considered an 
extended dry season in southern Amazonia [46]. Standardized anomalies were then cal-
culated using the seasonal values (Equation (2)). The study period focused on 2023, but 
the results for 2022 are also displayed to capture the evolution of the drought during the 
previous year. 
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The Supplementary Materials provides ancillary information about the last available 
season (DJF 2024) to assess the current conditions across Amazonia. 

3. Results 
3.1. Land Surface Temperature Anomalies 

The Amazon region experienced exceptional positive vegetation temperature anom-
alies during the second half of the year 2023 (Figure 2). After the cool anomalies evidenced 
during the austral summer of 2023 (DJF) and the transition to neutral or warm anomalies 
during the austral autumn (MAM), widespread LST anomalies were observed during the 
austral winter (JJA) and spring (SON) of 2023. The warm anomalies were especially in-
tense during this last SON season. The spatial patterns of the LST anomalies during the 
austral summer (DJF) of 2022 and 2023 were similar (with widespread cooling in both 
cases, except for some western regions in Peru and Bolivia). The rest of the seasons in 2022 
(MAM, JJA, and SON) showed progressive warming in most regions of Amazonia, but in 
2023, this warming was clear. The southwestern Amazon region was characterized by 
warm conditions during the austral winter (JJA) and spring (SON) of 2022, particularly 
marked in the Amazon–Andes transition region in Bolivia and Peru. 

 
Figure 2. Maps of land surface temperature (LST) standardized anomalies for DJF, MAM, JJA, and 
SON seasons during 2022 and 2023. 

In the context of previous severe droughts across Amazonia (e.g., 2005, 2010, and 
2016), the LST values typically reached the highest values in September and October 2023, 
but some differences could be observed between the northern and southern regions (Fig-
ure 3). The NW region showed the highest values of temperature in August and Septem-
ber 2023 compared with the other droughts, but the lowest values in January and February 
2023. The greatest differences between temperatures in August and October 2023 and the 
same months in other droughts were observed in the NE region, where the differences 
were sustained during November and December 2023. This region also showed the lowest 
values of temperature in January and February 2023. In contrast, the southern regions (SW 
and SE) showed high temperature values during the second half of the year 2023, but these 
high values were similar to the values reached during other droughts. In fact, the SE re-
gion reached temperature values in August 2023 lower than those obtained during the 
droughts of 2010 and 2016, and the temperature values in September 2023 were lower than 
the values obtained during the drought of 2010. These high temperature values can be 
mostly attributed to El Niño years. 

Figure 3 also shows that January (and, to a lesser extent, February) 2016 provided the 
highest values of vegetation temperature, in concordance with the occurrence of the most 
recent extreme El Niño event in 2015/16. For 2023, however, El Niño conditions were 
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observed later in the year, mainly since the austral winter [2]. Figure 3 also shows a slightly 
different seasonality between the four regions. 

  

  
Figure 3. Monthly values of land surface temperature (LST) for years of occurrence of some of the 
most recent severe droughts across Amazonia, including the drought of 2023. Results are provided 
for the four quarters delimiting the north–east and west–east regions (NW, NE, SW, and SE). The 
climatological mean (2003–2020) is also included. 

3.2. Amplitude of LST 
The spatial patterns of the AMP-LST anomalies were similar to those directly ob-

served in the daytime LST-alone anomalies (Figure 4). This is not surprising since the 
AMP-LST is highly correlated with the daily maxima temperatures. Nevertheless, the 
AMP-LST is more closely related to the energy partitioning between the latent and sensi-
ble heat flux, since under clear sky conditions, the increase in temperature with respect to 
the daily minimum depends on (i) the available solar energy and (ii) how efficiently the 
available energy is used, where lower evaporative fractions lead to higher LST warming 
rates and, therefore, higher AMP-LST values [40]. During SON 2023, the positive AMP-
LST anomalies were focused in the NE region. The positive LST anomalies were also in-
tense in this region and season (Figure 2), but they extended to almost all regions. This 
different spatial pattern between the LST and AMP-LST anomalies suggests that in large 
parts of the region of study, the anomalies in the nighttime and daytime LSTs were of the 
same order, which indicates the evaporative fraction remained high. Because the AMP-
LST is a better indicator of water stress conditions than the LST alone, the results in Figure 
4 suggest that northern Amazonia (around Roraima, Amapá, and northern Pará) was un-
der water stress conditions during SON 2023. Similarly, water stress predominated across 
southwestern Amazonia (mainly Bolivia and Peru) during DFJ 2023. 

As explained in Section 2.2, the LST and AMP-LST variables were combined to iden-
tify regions under heat stress alone or water stress. The results are shown in Figure 5, 
which reveals that JJA 2023 was characterized by widespread heat stress, and it evolved 
into water stress across northeastern Amazonia in SON 2023. 
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Figure 4. Maps of amplitude of land surface temperature (AMP-LST) standardized anomalies for 
DJF, MAM, JJA, and SON seasons during 2022 and 2023. 

 
Figure 5. Maps based on classification via the combination of LST (Figure 2) and AMP-LST (Figure 
4) standardized anomalies. Regions colored in red can be interpreted as water-stressed, whereas 
regions colored in orange can be interpreted as heat-stressed. 

3.3. Vegetation Greenness 
In synchrony with the LST anomalies shown in Figure 2, vegetation greenness also 

showed a decrease during the drought of 2023, which was enhanced during the JJA and 
SON seasons (Figure 6). A decline in greenness was also observed in 2022, but in that year, 
the greenness anomalies during the SON season were weaker than the anomalies in 2023 
for that season. Analogous to the monthly evolution of LST anomalies (Figure 3), the 
greenness reductions in the northern regions (NE and NW) from September to December 
were stronger in 2023 than the reductions in other drought events (Figure 7). In the case 
of the southern regions (SE and SW), the values of the NDVI were below those for the 
mean reference period, but the lowest values were observed during the 2010 drought. 

Figure 7 also illustrates the different greenness values and vegetation phenology 
across Amazonia, with the northern regions (NE and NW) providing higher (and almost 
constant) values of the NDVI than the southern regions (SE and SW). These southern re-
gions also showed a minimum peak between August and September, which can be 
roughly considered the dry season. A contrast between the eastern and western regions 
was also observed, with higher NDVI values for the western regions than the eastern re-
gions. Because of the different ranges in the NDVI for the different regions, we included 
in Figure S1 the monthly variations in the NDVI but used an adjusted y-axis range to better 
visualize the differences between drought events. 
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Figure 6. Maps of normalized difference vegetation index (NDVI) standardized anomalies for DJF, 
MAM, JJA, and SON seasons during 2022 and 2023. 

 

 
Figure 7. Monthly values of normalized difference vegetation index (NDVI) for years of occurrence 
of some of the most recent severe droughts across Amazonia, including the drought of 2023. Results 
are provided for the four quarters delimiting the north–east and west–east regions (NW, NE, SW, 
and SE). The climatological mean (2003–2020) is also included. 

Vegetation greenness was also analyzed via the EVI (Figure 8). This index has been 
traditionally preferred for the analysis of greenness across Amazonia because it is more 
sensitive than the NDVI in dense vegetation. However, when Figures 6 and 8 are com-
pared, we can extract almost the same conclusions because of the similarity between the 
NDVI and EVI’s spatial patterns. Nonetheless, negative values of anomalies were less en-
hanced in the case of the EVI, which could be linked to a saturation of the NDVI in ever-
green broadleaf forests. 
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Figure 8. Maps of enhanced vegetation index (EVI) standardized anomalies for DJF, MAM, JJA, and 
SON seasons during 2022 and 2023. 

3.4. Impact of Forest Fires 
Figure 9 depicts the evolution of the active fire counts during the different seasons of 

2022 and 2023. Overall, the fire season during the DJF and MAM seasons for the last two 
years occurred under average conditions across most regions of the Amazon basin, but a 
higher occurrence than average can be observed across the western (DJF season) and 
southeastern (MAM season) parts of the basin. The fire occurrence across Peru and Bolivia 
was enhanced in DJF 2023 and across Roraima in MAM 2023. The JJA and SON seasons 
were characterized by a higher-than-normal fire occurrence across central and northern 
Amazonia. 

 
Figure 9. Maps of active fire counts standardized anomalies in 0.25° cells for DJF, MAM, JJA, and 
SON seasons during 2022 and 2023. 

4. Discussion 
Northern Amazonia experienced record-breaking warming and greenness decline 

during the austral winter and spring of 2023. Southern Amazonia also experienced anom-
alous warming and greenness decline, but the anomalous conditions were probably sim-
ilar to, or even weaker than, the conditions observed during previous droughts. 

The canopy temperature and VIs in Amazon forests are subject to seasonal changes 
related to the transitions from wet to dry and dry to wet seasons [47,48]. In a region of 
evergreen broadleaf forests, these seasonal changes are typically smooth, with a very 
small range of variation [49]. However, temperature and greenness anomalies are exacer-
bated during severe or extreme drought events [50]. The extreme drought events of 2005, 
2010, and 2015 observed concurrent warm temperatures [16,51], with the most severe 
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heatwave episodes co-occurring during these years [52] associated with high amounts of 
incoming solar radiation [16], reductions in cloud cover [53], and soil moisture deficits 
[23]. These previous droughts peaked in different seasons because they were linked to 
different climatic episodes. Hence, the droughts in 2005 and 2010 peaked during the dry 
season, and they were attributed to anomalous SSTs across the Tropical North Atlantic, 
whereas the 2015–16 drought was attributed to anomalous SSTs across the Tropical Pacific 
(due to the occurrence of a strong EN event). In a recent review of compound dry–hot 
episodes across Brazil, Libonati et al. [54] showed that these episodes are increasing in 
duration and extent across Amazonia. In 2015, almost the entire forest was affected, while 
during 2005 and 2010, fewer episodes were observed, mainly in the western and southern 
parts of the biome. This review highlighted that these events enhance land–atmosphere 
feedback, causing the reamplification of soil dryness and high temperatures, thus culmi-
nating in vegetation stress. Most of the previous studies reporting the impacts on forest 
greenness were focused on the droughts of 2005 and 2010, but recently, Machado-Silva et 
al. [15] evaluated the responses of temperature and net primary production (NPP) during 
extreme drought years in the Amazon basin from 2003 to 2020. The authors showed that 
the forest NPP responded to the coupled impacts of single extreme droughts and the post-
drought impacts during ecosystem recovery. Accordingly, they concluded that the NPP 
consistently decreased during the extreme droughts of 2005, 2010, and 2015 due to the 
combined effects of disturbances in magnitude and the short length of recovery. 

More recently, a few studies reported fluctuations in greenness in Amazon forests 
during the 2015–16 drought [55–58]. These studies suggested that negative VI anomalies 
could be caused by water and heat stress exceeding the tolerance ranges of the rainforest. 
These results are, to some extent, consistent with the findings presented in this study, in 
which the negative NDVI (or EVI) anomalies roughly agreed with enhanced positive LST 
anomalies (heat stress) and positive AMP-LST anomalies (water stress) (see Figures 2, 4, 
and 5). These maps of anomalies are also consistent with the record temperature values 
reached during the second half of 2023, especially during the SON 2023 season [2,59]. The 
results for the ASO season, which was considered a particularly dry season, with an en-
hanced warming trend, by Gatti et al. [46], do not provide substantially different results 
from those observed during SON (Figure S2). Drought impacts were still observed in DJF 
2024 (Figure S3), as could be expected because of the occurrence of an intense El Niño 
event in 2023/2024 [2,3]. 

As commented in the Introduction Section, the use of the NDVI/EVI in previous stud-
ies of greenness analysis in Amazon forests was controversial because of the impacts of 
clouds on previous versions of MODIS products. In this study, the latest version 6.1 was 
used, which has been proven to provide satisfactory results compared with other cloud 
mask schemes [60,61]. The NDVI extracted from the MANVI product was also considered, 
which uses improved cloud masking and atmospheric correction [62]. Although a dedi-
cated comparison between the MODIS and MANVI products was outside the scope of this 
paper, a preliminary comparison in terms of the NDVI showed a consistent spatial pattern 
between them (Figure S4). Future analysis of these drought impacts based on field data 
will provide a better interpretation of the behaviors of these parameters. 

Fire activity is linked to high temperatures, low relative humidity, and precipitation, 
which modulate vegetation stress and fuel levels [63]. The role of the climate, especially 
during extreme droughts, has been shown to exacerbate the fire incidence, intensity, and 
severity in the Amazon forest [64]. The spatial coherence of hot and dry conditions with 
higher fire occurrences is shown in all the results, and previous analyses of the region 
corroborate this. However, it is worth noting that the response of Amazon fire activity to 
severe droughts is, in turn, constrained by land-use changes, in particular, deforestation, 
which may also affect precipitation and temperature patterns [38,65,66]. As demonstrated 
by Libonati et al. [21], from a climate perspective, the 2015 drought was the most extreme 
of the three major drought events of 2005, 2010, and 2015. However, when evaluated from 
a fire pattern perspective, the response of the Amazon forest to the 2015 drought resulted 
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in a relatively low level of fire activity compared with the two previous severe droughts 
due to low deforestation rates. The role played by anthropogenic activities in fire inci-
dence is beyond the scope of this work, but the need for further analysis, taking into ac-
count not only this but also other factors that may contribute to fire behavior across the 
Amazon forest besides climate extremes, is reinforced. 

5. Conclusions 
Recent studies reported record-breaking temperatures and drought across Amazonia 

in 2023 based mainly on hydrometeorological and reanalysis data [2,3]. This paper pro-
vides a complementary assessment based on independent remotely sensed data. The re-
mote-sensing products used in this study are based on spectral acquisitions from the 
VNIR and TIR regions, thus providing information on the vegetation status and temper-
ature, respectively. In spite of the limitations of using optical remote-sensing datasets for 
the study of the Amazon, when working at monthly and seasonal levels, these datasets 
are useful to obtain a general picture of the characteristics, evolution, and impacts of 
drought on vegetation at the basin level. 

The spatial overview provided in this study is particularly relevant considering that 
the southern part of the Amazon basin is already undergoing a biophysical transition, 
characterized by a lengthening dry season and increased tree mortality and fire activity 
[67–70]. Our results confirm that during 2022–2023, water stress and significantly warm 
conditions were dominant during SON, which corresponds to the climatological dry-to-
wet transition season in southern Amazonia. These results are in line with future projec-
tions for temperature and precipitation across southern Amazonia, where a warmer and 
delayed onset of the wet season is projected as a consequence of global climate change 
and Amazon deforestation [71–76]. 

Given the importance of the Amazon forest and the extreme drought–heat event of 
2023, we encourage future studies to provide further insights into the regional hydrolog-
ical impacts, including on the Andes–Amazon–Atlantic hydroclimatic system [77], and 
ecological impacts on this biome. 
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of occurrence of some of the most recent severe droughts across Amazonia, including the drought 
of 2023. Results are provided for NW, NE, and SW regions using a stretched y-axis range for better 
visualization of the differences between years. The climatological mean (2003–2020) is also included; 
Figure S2: Maps of land surface temperature (LST), normalized difference vegetation index (NDVI), 
and enhanced vegetation index (EVI) standardized anomalies for ASO season during 2022 and 2023; 
Figure S3: Maps of land surface temperature (LST), normalized difference vegetation index (NDVI), 
and enhanced vegetation index (EVI) standardized anomalies for DJF season in 2024; Figure S4: 
Maps of normalized difference vegetation index (NDVI) standardized anomalies for two illustrative 
years (2010 and 2021) using MODIS (left) and MANVI (right) products. 
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