This article has been accepted for publication in IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing. This is the author's version which has not been fully ¢

content may change prior to final publication. Citation information: DOI 10.1109/JSTARS.2026.3726802

JOURNAL OF IATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

Sensing the Vertical Dynamics of the Amazon Rainforest Using

Multifrequency Microwave Radiometry

Mohamed El-Khayati-Ramouz, Carlos Lepez-Mart-nez, Senior Member, IEEE, Merce Vall-llossera, Senior
Member, IEEE, Adriano Camps, Fellow, IEEE, Antonio Turiel, Senior Member, IEEE, Xiaojun Li, Jean-Pierre
Wigneron, Fellow, IEEE

Abstract Vertical strati cation is a de ning feature of forest
ecosystems, shaping their structure, function, and dynamics.
Here, we apply a multi-frequency microwave radiometry frame-
work to monitor forest dynamics, highlighting the complementary
information provided by L-, C-, and X-band vegetation optical
depth (VOD). Using the Amazon Rainforest as a case study,
we show that L-band VOD (LVOD) is particularly sensitive to
changes in lower and mid-canopy strata, capturing early signals
of vegetation water content (VWC) decline that remain largely
undetectable with higher-frequency signals and conventional
optical indices. Analysis of LVOD, CVOD and XVOD from 2010
to 2023 reveals accelerated reductions in LVOD following the
2015 2016 El Nino event, with stress indicators appearing 5 10
years before similar trends are visible in the upper canopy.
These results demonstrate the potential of multifrequency VOD
analysis, particularly L-band measurements, to provide early
warning indicators of forest vulnerability. Our study highlights
the power of low-frequency radiometry in probing deeper forest
strata and improving the long-term monitoring of tropical forest
dynamics.

Index Terms Microwave Radiometry, Multifrequency Analy-
sis, Vegetation Optical Depth, Amazon Rainforest.

I. INTRODUCTION

ORESTS are essential for Earth’s ecosystems, acting as

hotspots for biodiversity and regulating numerous bio-
geophysical and biogeochemical processes [1] [3]. They are
pivotal in carbon sequestration [4], [5], water absorption to
avoid ooding and erosion [6], and maintaining the energy
balance between the land surface and the atmospheric layer
[7]. However, climate change effects alongside land use have
started affecting forests’ ability to absorb disturbances and
restructure under changes to preserve their functioning and
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structure [8], [9]. On the one hand, drought reduces the growth
and health of biomass [10], [11], especially tree saplings and
shrubs [12]. This reduction in vegetation decreases evapo-
transpiration and the atmosphere’s moisture, leading to less
rainfall and increased ecosystem stress [13], [14]. In addition,
coincident drought conditions and high temperatures increase
the risk of larger res, increasing tree mortality and reducing
carbon stocks [11], [15]. On the other hand, changes in land
cover, particularly deforestation, cause considerable changes
in soil properties (e.g., roughness, albedo) [16] [18]. These
changes in uence evapotranspiration, humidity processes, and
alter the water cycle [19] [21].

In this regard, forest ecosystems have been the spotlight of
several studies aiming to evaluate their deforestation [22] [24],
degradation [25], [26], resilience [27], [28], and their associ-
ated regional and global implications on Earth’s system [29],
[30]. Many of these studies have been conducted by exploiting
vegetation indicators derived from satellite data to characterize
spatial patterns and temporal transitions. These remote sensing
indicators offer unique and distinctive vegetation properties
based on several operational parameters. However, several
indices are inferred from observation systems operating at
optical wavelengths. This limits their ability to penetrate dense
vegetation and accurately assess the state of vegetation across
all strata, especially in canopies like those found in rainforests.
This implies that most changes reported according to these
indicators are largely associated with the top canopy layers.
In contrast, the dynamic conditions on the forest oor and
understory layers tend to remain hidden. The state of the lower
vegetation layers is crucial to sustain rainforest diversity [31]
[33]. For instance, the small size and shallow root systems of
the lower layers of biomass make them more vulnerable to
drought than mature biomass. As a result, they may be affected
earlier, before any visible effects appear in the upper canopy
[12], [33]. Moreover, selective logging and understory res
are other causes of forest impoverishment, impacting areas
as large as those deforested annually [34]. However, these
drivers are often overlooked, as they do not necessarily entail
the complete removal of the forest canopy, complicating their
identi cation and quanti cation. Aside from the immediate
effects on tree mortality, these disturbances tend to increase
the amount of fuel on the forest oor, thereby increasing
the likelihood of recurring res [35]. Thus, assessing deeper
forest layers is critical to analyzing forest conservation and
regeneration following numerous disturbances.

In this context, by focusing on the Amazon Rainforest
(AR), the world’s largest tropical forest, this study exploits

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing. This is the author's version which has not been fully ¢

content may change prior to final publication. Citation information: DOI 10.1109/JSTARS.2026.3726802

JOURNAL OF IATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

multifrequency satellite observations from January 2010 to
December 2023 to investigate changes in AR across its forest
layers, examining both spatial patterns and temporal dynamics.
The radiometric vegetation optical depth (VOD) derived at dif-
ferent microwave frequencies is used as the primary vegetation
metric in this study. VOD consists of a dimensionless indicator
that measures microwave attenuation as it passes through the
vegetation, depending directly on the canopy structure and
vegetation water content (VWC) [36] [38]. VOD exhibits con-
siderable penetration capabilities compared to optical indices
(see Fig. 1), particularly in lower frequency bands (e.g., L-
band). As a result, it serves as a prominent biomarker for the
middle and lower forest strata, which are not readily detectable
using optical indices. VOD is contingent upon VWC, which
depends on above-ground biomass (AGB) and relative water
content (RWC). Hence, VOD variations may re ect changes
in forest biomass and structure and/or RWC uctuations
depending on the time scale at which temporal patterns are
analyzed [39]. At shorter timescales (e.g., daily), biomass
variations are slow; hence, VWC changes are tightly linked
with belowground and transpiration processes, facilitating the
assessment of water stress and its distribution. In contrast,
variations in VWC over an extended temporal scale (e.g.,
spanning several years or decades) may indicate signi cant
alterations in forest biomass and structure [39] [41]. Here, by
analyzing the anomalies ( ) and the mean state differences
( ), we investigate the changes and evolution of VOD at
the L band. We compare these patterns to those observed
in other VODs obtained at higher frequencies and optical
indices that represent higher canopy layers. This manuscript is
structured as follows. Section Il describes the materials used
for the study. Section Il presents the methodology. Section
IV presents the results. Section V presents a discussion of the
results and the conclusions.

Il. STUDY AREA AND DATA
A. Study Area

Our study focuses on the Amazon Rainforest, the largest
tropical rainforest on the planet, covering roughly 5.5 million
square Kkilometers and about 40% of South America [42].
The region is predominantly composed of dense evergreen
forests with tall and multilayered canopies [43], [44]. Al-
though generally classi ed as evergreen, many parts of the
AR exhibit signi cant annual variability in leaf phenology and
photosynthetic activity, driven by local climatic conditions.
The basin experiences a predominantly humid tropical climate,
but with considerable spatial variation in precipitation regimes.
For example, in the Brazilian Amazon and under typical
climatic conditions, annual rainfall ranges from about 1,500
mm in the southeastern region to more than 3,000 mm in the
northwest [45]. To de ne the AR map, we use the MODIS
Land Cover (MCD12Q1.061 collection) [46], provided annu-
ally at a spatial resolution of 500 m. The 2023 land cover
served as a baseline, and pixels within latitude 8.7 N 18 S
and longitude 45.8 W 79.5 W were aggregated to the 25 km
EASE-2 grid, with each cell assigned the dominant land cover
class. The resulting Amazon Rainforest map comprised all

cells classi ed as evergreen broadleaf forests. This domain
encompasses regions of largely intact forests and areas with
documented deforestation activity over the past decade. As
our objective is to assess the comparative sensitivity of L-
, C-, and X-band VOD (LVOD, CVOD, XVOD) to changes
in lower- and mid-canopy biomass, rather than to quantify
absolute trends in forest cover, this heterogeneous landscape
provides an appropriate framework to illustrate the added
value of low-frequency radiometry in detecting variations that
higher-frequency or optical observations may not resolve.

B. VOD Datasets

In this analysis, VOD data are used in the L-band (1.4
GHz), C-band (6.9 GHz), and X-band (10.7 GHz), referred to
as LVOD, CVOD, and XVOD, respectively. The main LVOD
dataset used is the SMOS-IC product [47] [49], herein referred
to as LVOD, as data are provided from January 2010 onwards.
Furthermore, in this study, LVOD from the Multitemporal Dual
Channel Algorithm (MTDCA), herein referred to as LVOD-
MTDCA, from which data are only available from April
2015 to September 2021, is also considered [50], [51]. Thus,
two different and independent LVOD datasets, LVOD and
LVOD-MTDCA, retrieved from the brightness temperatures
of the Soil Moisture and Ocean Salinity (SMOS) and Soil
Moisture Active Passive (SMAP) missions, respectively, are
investigated. The CVOD and XVOD datasets are from the
Advanced Microwave Scanning Radiometer 2 (ASMR-2) [52].
As daytime surface heating increases temperature-related error,
only nighttime observations, when soil and vegetation are
nearly at thermal equilibrium, are employed across all VOD
datasets [52].

Monthly and yearly VOD datasets are computed for the
analysis. The monthly pixel value is computed by averaging all
the valid daily nighttime samples within the month. Similarly,
the yearly pixel value is computed by averaging all valid daily
nighttime samples within the year. Afterward, the monthly and
yearly datasets are aggregated to the 25 km EASE-2 grid
using area-weighted averaging. The results were consistent
when bilinear and nearest-neighbor interpolation were applied,
demonstrating the robustness of the ndings to the choice of
the aggregation method. Note that, as LVOD data are already
provided on the EASE-2 grid of a 25 km grid cell, this nal
step is performed only for CVOD and XVOD. As for LVOD-
MTDCA, as the data are on a 9 km EASE-2 grid, the data
are also aggregated to match the 25 km grid cell using area-
weighted averaging.

C. NDVI and LAI Datasets

Alongside VOD, two additional vegetation parameters are
incorporated into the analysis: the Normalized Difference
Vegetation Index (NDVI) and the Leaf Area Index (LAI). The
NDVI, calculated using re ectance in the red and near-infrared
bands, is a measure of vegetative greenness and is commonly
used as a proxy for vegetation health and density [53], [54].
With respect to LA, it is a biophysical parameter de ned as
the ratio of projected one-sided green leaf area to the ground
area [55], [56], widely used for monitoring and modeling the
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Fig. 1. Typical electromagnetic wave emission depth in forest layers as a function of frequency bands, viewed from the side (left) and top (right) at an
incidence angle of 0 . Besides frequency, the penetration is contingent upon the instrument’s incidence angle, vegetation water content, and canopy density
and structure. Thus, in forested areas with reduced overstory structures or canopy openings, electromagnetic waves, especially at higher wavelengths, can
penetrate the understory layer and even reach the forest oor. Note that the term penetration capabilities is used to describe the depth at which the radiometer

system collects the brightness temperature of various forest strata.

land surface [57]. The NDVI dataset is from MOD13Q1 [58],
while the LAI is from MOD15A2H [59]. Regarding NDVI,
the MOD13Q1 V6 algorithm chooses the best available pixel
value from all the acquisitions from the 16-day period. For
simplicity, the monthly value of the NDVI pixel is computed
by averaging the datasets within the month. Similar procedures
are applied to the LAI, provided every 8 days. The yearly
pixel value of each indicator is computed by averaging all
valid monthly samples within the year. Further, the monthly
and yearly datasets are aggregated to the 25 km EASE-2 grid
by using area-weighted averaging.

D. Climatological Data

The Land Surface Temperature (LST) from MOD21C3 [60]
and rainfall from the integrated multi-satellite retrievals for
GPM (IMERG) [61] are considered as the climatological
indicators in the analysis. Monthly and yearly datasets are gen-
erated over the study period, and all indicators are aggregated
to match the 25 km EASE-2 grid.

I1l. METHODOLOGY
A. Difference between years () and periods

To assess the changes in the mean state of the AR, differ-
ences between years are computed as indicated in Eq. 1, where

VODep,, and VODp, , are the average VOD values of pixel
P in years Y2 and Y1, respectively.

VODp,, ,, =VODp,, VODp,, @)

The same methodology is applied analogously when com-
paring arbitrary time periods. To calculate the reduction in the
indicator over two periods (e.g., P2 and P1), the average value
in the later period (P2) is subtracted from the average value in
the earlier period (P1). A negative value from the subtraction
indicates losses relative to prior periods. For instance, the
average value of an indicator | (e.g., VOD, NDVI) over the
period P is given by EqQ. 2, where Ya and Yg denote the rst
and last years of the period, respectively, and I, represents
the average value of the indicator in year n.

b G
Ya+1) In (2

n=Ya

Ip =1=(Yg

B. Anomalies computation ( ) and masks de nition

Monthly anomalies are calculated from 2013 to 2023,
during which data for all indicators considered are available.
The anomalies are computed as indicated in Eq. 3, where

V ODp,,.,, is the VOD anomaly of pixel P in month m and
year Y, VODep,.,, is the value of this indicator in month m
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and year Y, VODp is the mean VOD value of pixel p in the
same months across the period considered.

VODPy;m = VODPY;m VODP (3)

To de ne the masks for identifying spatial patterns, pixels
that ful Il VODp,.,, < 0 are selected, with 2021 Y 2023
and 1 m 12. The period from 2021 to 2023 is selected
to de ne the spatial masks because it represents the most
recent three-year window of the analysis. By identifying pixels
with consecutive negative anomalies in this latest period,
we delineate areas currently experiencing persistent VOD
declines. It is important to note that these masks are ex-
ploratory and conditional, as they are de ned based on recent
anomalies; consequently, subsequent analyses of earlier years
(2010 2020) focus only on this subset of pixels and are
intended to characterize the historical evolution and potential
precursory behavior of different VOD frequency bands. To
assess the effects of drought on these pixels, the annual
anomalies are computed as in Eqg. 4.

VODpY :VODpY VODp (4)

In Eq. 4, VODep, is the VOD anomaly of pixel P in year
Y, VODep, is the average VOD of pixel P in year Y, and
V ODe is the average VOD of pixel P within the period of
2013/2023.

Temporal trends in LVOD were estimated using ordinary
least squares linear regression. To evaluate whether the decline
rate changed between periods, a segmented regression model
including a time  period interaction term was applied. The
interaction coef cient was used to quantify the change in slope
between the periods [62].

IV. RESULTS
A. Time series analysis

Figure 2 displays the monthly time series of vegetation in-
dicators, precipitation, and nighttime land surface temperature
in the AR from 2010 to 2023. Whereas NDVI and LAI indices
capture seasonal variations due to their sensitivity to greenness
and leaf density; VOD signals exhibit reduced amplitude
of seasonal trends as the frequency of the electromagnetic
radiation measured decreases. Consequently, LVOD exhibits
less pronounced seasonal variations. This is consistent with its
sensitivity to forest herbs, seedlings, saplings, and woody com-
ponents, which tend to experience fewer temporal variations
than overstory structures [63]. NDVI and LAI peak between
May and August, corresponding to the wet to dry transition
in which leaves ush, canopy expands, and photosynthesis
activity increases [64] [66]. XVOD also consistently peaks
between April and June, highlighting its sensitivity to the
structural characteristics of the upper canopy. CVOD and
LVOD show seasonal peaks between October and January,
during the early and peak of the wet season, when trees
replenish their water storage and vegetation water content
tends to increase [67].

Regarding interannual variability, while no important
changes are observed in the optical parameters (NDVI and

LAI) over the fourteen studied years, VOD shows a gradual
decrease across the three frequencies investigated. Both XVVOD
and CVOD exhibit a slight decline, XVOD 2023 2013= -
0.016 and CVOD 3023 2013= - 0.017, respectively. Nonethe-
less, as the drop in XVOD is uniformly observed from
2013 onwards, the CVOD decline is foremost noted during
the periods of 2014/2016 and 2020/2023. Regarding LVOD,
it has experienced a substantial and continuous decrease
( LVOD20p23 2013= - 0.034) since 2017/2018, in contrast to
the stability observed in the SMOS system [68]. This suggests
that the rate decrease between the various forest strata differs
markedly. As a result, unlike the upper part of the forest,
the lower layers (lower parts of the canopy, oor, understory,
and young trees) have undergone a more severe, prolonged,
and fast-paced biomass loss over the last decade. Remarkably,
the most substantial declines in LVOD occurred following the
2015/2016 El Nino event, suggesting a temporal association
between this period of severe climatic stress and subsequent
vegetation degradation. However, this temporal correspon-
dence should not be interpreted as evidence of causality, as
other factors, including re activity, deforestation, and land-
use change, also intensi ed during this period and may have
contributed to the observed patterns. This is consistent with
previous studies, such as [69], which reported that in the 2015
drought, forest res in the Brazilian Amazon increased by 36%
as compared to the preceding 12 years. Furthermore, within
the time frame under consideration, the slope of the decline
of the LVOD has been alarmingly rising, particularly in the
last few years (January 2021 - December 2023). To assess
whether the apparent increase in the rate of L\VOD decline
is statistically meaningful, linear regressions were tted sep-
arately for the January 2018 to December 2020 and January
2021 to December 2023 periods. The estimated LVOD decline
accelerated from  0:00335 yr ' (95% Con dence Interval
(Cl):  0:00463to 0:00207, p < 0:001) during 2018 2020 to

0:00538 yr 1 (95% CI: 0:00665to 0:00411, p < 0:001)
during 2021 2023. Moreover, the difference between the two
slopes is statistically signi cant ( siopes = 0:00203 yr 1
95% Cl: 0:00380 to 0:00026, p = 0:025), supporting an
acceleration in the rate of LVOD decline during the latter
period.

B. Spatial Patterns and Regional Variability

To spatially identify transitions across the AR, we subtracted
the 2013 average VOD from the average VODs of different
years. The year 2013 was chosen because it is the rst year
with complete monthly data and one of the few years within
the study period that experienced normal conditions without
signi cant climate phenomena. All three VOD bands display
a consistent pattern of decline across the southern and south-
eastern regions (see Fig. 3a-3i). In contrast, no clear patterns
are observed with NDVI and LAI indicators, either spatially or
temporally (Fig.4a-4f). Furthermore, we observe that as more
penetration in the canopy, the number of pixels exhibiting
important VOD losses ( VOD -0.1) increases, particularly
in areas constituting the arc of deforestation , and the north-
eastern parts of the AR. Thus, while LVOD reveals signif-
icant changes ( LVOD -0.05) in the northeastern regions
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Fig. 2. Monthly time series of rainfall, LST, NDVI, LAI, XVOD, CVOD, and LVOD over the AR from January 2010 to December 2023. Time series
were smoothed using a centered 37-month moving average (—18 months) to attenuate seasonal variability and short-term anomalies while preserving low-
frequency trends. Smoothed values were calculated as the mean of observations within the de ned temporal window, with truncated windows applied at the
series boundaries. The selected window length exceeds the annual cycle, ensuring effective suppression of seasonality, yet remains suf ciently short to retain

ecologically meaningful multi-year variability.

equivalent to those in the southern areas, CVOD and XVOD
changes remain non-signi cant (-0.05 C, XVOD 0) in
the northeastern regions throughout the years considered.

Interestingly, comparison of the XVVODyg23 2013 (Fig. 3i)
reveals that several regions exhibiting substantial X\VVOD losses
had already been identi ed by LVOD (see Figs. 3a and 3b)
and CVOD (Fig. 3e) (e.g., the region around 10 S, 65 W).
A similar spatial correspondence is also observed between
CVOD2023{2013 and LVOD2020{2013. However, this behavior
is not representative of all the AR. A pixel-wise Pearson cor-
relation (r) analysis between changes in CVOD2p23¢2013 and
CVODy023 2013 Yielded a positive but relatively weak spatial
correlation (r = 0.326, p < 0.05), whereas the correlation
between both indicators within the same year was stronger (r
= 0.431, p < 0.05).

The observed VOD spatial patterns indicate that the gradi-
ents across the AR result from rapid changes in the northeast
and south, whereas the northwest zone exhibits stability, which
slows down the system transition. Figures 5c, 5d, and 5e
illustrate the L\VOD, CVOD, and XVOD time series in three

regions of the AR. In the Northwest region (R1), XVVOD and,
to a lesser extent, CVOD remain stable throughout the period
analyzed. As for LVOD, although a temporary increase is
observed during the El Nino, it subsequently declines, ulti-
mately returning to its pre-event mean by the end of the study
period. In the Northeastern area (R2), both CVOD and XVOD
demonstrate slight but sustained downward trends across the
entire period analyzed. LVOD began its downward trend in
2015, directly corresponding with the EI Nino event, when
precipitation reached its lowest point in the examined period
(50 mm/month). The decline persisted irreversibly despite
precipitation being at normal levels in the succeeding years.
Regarding the Southern parts of the AR (R3), although at
different rates, all three VODs, along with LVOD-MTDCA
(Fig. 5f), exhibit a continuous decrease from 2018 onward.
NDVI and LAI (Figs. 5g and 5h, respectively) do not show
any of the trends seen with VOD signals. These ndings
suggest that low microwave frequencies, particularly L- and
C-bands, may be capable of detecting biomass declines at
least 5-10 years earlier than optical indices. Furthermore, when
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Fig. 3. Difference of yearly LVOD, CVOD, and XVOD for 2016, 2020, and 2023 with respect to 2013. (a c¢) LVOD differences; (d f) CVOD differences;

(g i) XVOD differences.

comparing the indicators’ average values across periods within
the considered timespan, the rate of decrease is increasing
alarmingly, especially in the R2 and R3 regions (see Table

).

C. Sensitivity Patterns and Time-Lag Responses in VOD Fre-
quency Bands

To assess transition time lags between VOD bands, we
established masks for each VOD band and analyzed the
time series of the distinct spatial patterns identi ed by each
mask. Each mask is de ned by identifying those pixels (red)
(see Figure 6) with monthly negative VOD anomalies in the
corresponding band within the last 36 months of the period

considered. As a result, when comparing VOD anomalies over
the last 36 months (January 2021 - December 2023), LVOD
(Fig. 6h) re ects a substantial disturbance in the arc of defor-
estation and in the AR northeast regions. The CVOD (Fig. 6f)
and mostly XVOD (Fig. 6d) barely show disturbances in all the
AR. This suggests that while the upper canopy layers remained
relatively stable over the 36 months, deeper penetration into
the forest reveals increasingly critical disturbances in the lower
strata.

Upon evaluating the three VODs across the three desig-
nated masks, multiple conclusions can be derived. First, when
assessing the anomalies in only those red pixels identi ed
by XVOD (Fig. 6d), the three VODs decreased at the same
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Fig. 4. Difference of yearly NDVI and LAI for 2016, 2020, and 2023 with respect to 2013. (a c) NDVI differences; (d f) LAI differences.

rate from 2013 to 2021. However, from 2021 onwards, while
LVOD continues to fall at a consistent rate, the rates at which
both XVVOD and CVOD fall diminish and even appear to sta-
bilize in some periods. We hypothesize that the simultaneous
reduction in VODs is closely linked to disturbance types asso-
ciated with complete forest conversion. Such conversions are
typically driven by wild re events or deforestation practices
involving total removal of tree cover (e.g., clear-cutting and
slash-and-burn). It is important to note that deforestation of
small portions of a 25 km grid cell manifests as a progres-
sive decline rather than a sudden change. Likewise, when
evaluating the red pixels of the CVOD mask (Fig. 6f), it is
observed that the mean anomalies of CVOD and LVVOD drop at
a similar rate from 2012 to 2023, whereas XVOD slows down
over the nal four years of the analyzed period. Nevertheless,
regarding the LVOD mask, as LVOD shows a substantial
decrease in the mean anomaly ( LVODpixeimask - 0.09),
CVOD and XVOD re ect fewer disturbances in those red
pixels of the LVOD mask. Consequently, as most disturbances
detected at higher frequencies affecting the top layers also
seem to exist in the lower parts, signi cant disturbances in the
lower layers over the past decade remain mostly minimized

and imperceptible in the upper canopy layers, as it may be
concluded from the XVOD signal. Interestingly, within the
red pixels of the LVOD Mask (Fig. 6g), LVOD and, to a
lesser extent, CVOD and XVOD exhibit more signi cant
transitions, likely associated with the 2015/2016 El Nino event
as compared to those observed across the entire AR (Fig. 6b).

Considering that most of the LVOD mask covers well-
known deforestation regions, this could suggest that most
of the transitions are tightly associated with deforestation
processes. However, when also investigating the rainfall con-
ditions of pixels where L;C;XVOD < 0:02, particularly
for the 2021/2023 period, apart from deforestation, prolonged
drought also seems to play a pivotal role in the observed
changes. In particular, drought, which here is de ned as
months in which precipitation falls below 100 mm, consistent
with prior research on drought risk in the Amazon Rainforest
(e.g., [70]), predominantly impacts the southern and south-
eastern regions of AR, where some grid cells endure more
than 5-6 months (see Figs. 7a, 7b, 7d, 7e, 7g, and 7h). In
the EI Nino years, these regions experience even more intense
and prolonged droughts, with certain regions potentially facing
drought conditions for as long as 9 to 10 months per year (see
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TABLE |
INDICATORS’ VARIATION THROUGHOUT SEVERAL TIMEFRAMES FROM 2013 TO 2023. PERIODS; P1: JANUARY 2013 TO DECEMBER 2016, P2: JANUARY
2017 TO DECEMBER 2020, AND P3: JANUARY 2021 TO DECEMBER 2023. VARIATIONS ARE DETERMINED BY SUBTRACTING THE AVERAGES OF THE
INDICATOR BETWEEN TWO PERIODS. VOD VARIATIONS BETWEEN P3 AND P2 ( p3 p2) ARE GENERALLY SLIGHTLY LARGER THAN THOSE OBSERVED
BETWEEN P2 ANDP1 ( p2 p1), PARTICULARLY IN THE R2 AND R3 REGIONS, SUGGESTING AN INTENSIFICATION OF VOD DECLINE DURING THE
MOST RECENT PERIOD.

Period P2 P1 P3 P2
Region
Indicator AR R1 R2 R3 AR R1 R2 R3

NDVI 0.0014 -0.0004 0.0031 0.0015 -0.0013 0.0061 -0.0074 | -0.0042

LAI -0.0199 | -0.0022 | -0.0306 | -0.0299 -0.0134 0.0089 -0.0442 | -0.0029
XVOD -0.0029 | -0.0011 | -0.0037 | -0.0041 -0.0042 | -0.0021 | -0.0032 | -0.0081
CVOD -0.0040 0.0001 -0.0058 | -0.0068 -0.0069 | -0.0032 | -0.0086 | -0.0094
LVOD -0.0066 0.0077 -0.0178 | -0.0115 -0.0180 | -0.0097 | -0.0261 | -0.0193

Figs. 7c, 7f, 7i). Drought can considerably reduce aboveground
biomass growth, degrade plant physiological performance, and
subsequently increase tree mortality, particularly in understory
rainforest lifeforms [12]. Also, drought conditions increase
the ammability of the Amazon forest, thereby raising the
likelihood of ignition and re spread [71], [72]. In some
cases, these res extend into fragmented landscapes, making
them more susceptible to subsequent deforestation [73]. Aside
from re impacts, dryness also contributes to deforestation
by facilitating traditional slash-and-burn agriculture and the
combustion of remaining vegetation following mechanical
deforestation techniques [74].

V. Di1scussION AND CONCLUSIONS

By exploiting multi-frequency observations, this study pro-
vides a multi-year characterization of forest vertical dynamics,
revealing distinct canopy layers with fundamentally different
temporal dynamics. The analysis conducted reveals that as
more penetration into the AR dense canopy, more pronounced
VOD declines are observed, particularly in the Southern,
Southeastern, and Northeastern parts of the AR. This indi-
cates that the condition of the higher canopy layers likely
underestimates the real forest condition, overlooking the actual
changes occurring in the middle and lower strata of the forest.
Besides, the results observed when masking the different VOD
bands highlight the profound severity of forest degradation and
some deforestation methods (e.g., selective logging) that do
not require the removal or clearing of all the standing forest.
Particularly for the LVOD, which penetrates to the woody
parts of vegetation and lower-middle parts of the forest, the
decline starts between 2016 and 2017. We hypothesize that this
decline is induced by the direct (e.g., tree and plant mortality)
and indirect (e.g., understory res, subsequent deforestation)
rainfall de cit. Interestingly, most locations experiencing VOD
loss after ElI Nino 2015/2016 coincide with areas exhibiting
considerable deforestation rates both prior to and following
this event. This raises signi cant concerns about whether
coexistent and sustained drought, deforestation and re in
certain regions of the Amazon have begun to impair their
ability to adapt and maintain their functionality and structure,
especially in the lower parts of the forest. Nevertheless, it is
important to highlight that here we analyzed the mean state of
the Amazon system. Therefore, the observed changes do not
inherently indicate a loss of resilience [75], which is typically

quanti ed by higher-order statistical characteristics to assess
the stability of the system.

While long-term forest clearance can be more easily mon-
itored by using different remote sensing technologies, it is
challenging to quantify forest changes occurring below the
canopy cover. Here, we illustrate how the lag time between
vegetation indicators obtained at low microwave frequencies
and optical indices allows for earlier detection of forest
changes. This lag can advance detection by at least 5 to
10 years, serving as a potential precursor to help anticipate
and strengthen mitigation strategies during the early stages
of degradation. Moreover, the correlation between bands and
their dynamics might signi cantly enhance the understanding
of disturbance typologies within the vegetation strata. Further-
more, our analysis not only shows a consistent decrease in
LVOD within the time period under consideration, but also
that the rate of decline is accelerating over time. In addition,
particularly in the Southern areas of the Amazon, the VODs
have demonstrated nearly monthly negative anomalies over the
past three years (January 2021 - December 2023) in relation to
the analyzed period. This lines up with the ndings of recent
studies, such as [27], that have shown that the southern parts
of the AR are the ones losing resilience faster over the AR
since the turn of the century.

In conclusion, by using data from three different systems
(GCOM-AMSR2, SMOS, and SMAP) and frequencies (L, C,
and X bands), our study demonstrates that the middle and
lower strata of the AR are undergoing rapid decline. This
decline is not visible in the higher parts of the forest canopy
and is therefore not detected by vegetation indicators derived
from optical systems. Middle-lower strata degradation is often
neglected, which restricts its inclusion in carbon stock estima-
tions and prevents the prediction of subsequent forest dieback.
Additionally, this study underscores the utility and potential
of microwave satellite data, particularly at low frequencies
(e.g., L and C bands). These signals can be used as proxies
to identify and predict major forest transitions before their
irreversible local and global impacts on the climate system.
Indeed, future planned missions with advanced Earth obser-
vation systems operating at low frequencies, including the L-
band Copernicus Imaging Microwave Radiometer (CIMR), the
L-band Radar Observing System for Europe (ROSE-L), the L-
band synthetic aperture radar of the NASA-ISRO SAR Mis-
sion (NISAR), and the P-band (435 MHz) BIOMASS mission,
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Fig. 5. Regions considered over the AR map and monthly rainfall, LVOD, CVOD, XVOD, NDVI, and LAI over the three regions (R1 in blue, R2 in black,
and R3 in red). (a) AR; (b) Rainfall; (c) LVOD; (d) CVOD; (e) XVOD; (f) LVOD-MTDCA,; and (h) LAI.

can signi cantly enhance the accuracy of biomass estimation and valuable information on strata layers.
and the characterization of ecosystem disturbances. Moreover,

based on the ndings of this study, it is necessary to persist in

offering vegetation products separated by distinct frequencies, ACKNOWLEDGMENTS
besides multifrequency merged products. These latter might
signi cantly hinder vegetation monitoring, particularly in areas
with dense biomass, where each frequency can provide unique
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Fig. 6. AR map and corresponding LVOD, CVOD, and XVOD mean anomaly time series over the AR and over the de ned masks. (a) AR map; (b) LVOD,
CVOD, and XVOD mean anomaly time series in the AR; (c) XVOD mask; (d) LVOD, CVOD, and XVOD mean anomaly time series on the red pixels of
the XVOD mask; (e) CVOD mask; (f) LVOD, CVOD, and XVOD mean anomaly time series on the red pixels of the CVOD mask; (g) LVOD mask; (h)
LVOD, CVOD, and XVOD mean anomaly time series on the red pixels of the LVOD mask. The red pixels of each band mask ful Il V OD Py.m <0, with
2021 Y 2023and1 m 12.
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(e) CVOD 2022

(h) XVOD 2022
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(c) LVOD 2023

(f) CVOD 2023
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Fig. 7. Drought conditions (rainfall < 100 mm/month) in pixels with LVOD < 0:02 in (a) 2021, (b) 2022, and (c) 2023; with CVOD < 0:02 in (d)
2021, (e) 2022, and (f) 2023; and with XVOD < 0:02 in (g) 2021, (h) 2022, and (i) 2023. NM denotes the number of months within the respective year
with drought conditions. LVOD, CVOD, and XVOD are yearly anomalies within the 2013 2023 period. White pixels do not ful 1l VOD < 0:02 for
the corresponding VOD.
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