
Multimodal Fusion for Deforestation Detection: Integrating Weather and Satellite Alerts with
Deep Learning

Kevin Elezi1, João Pedro Martinez2, Felipe Ferrari3, Raul Queiroz Feitosa4,

1 Dept. of Data Science and Engineering, Politecnico di Torino, Italy - kevin.elezi@studenti.polito.it
2 Dept. of Electrical Engineering, Pontifical Catholic University of Rio de Janeiro, Brazil - joao.martinez@aluno.puc-rio.br

3 Dept. of Cartographic Engineering, Military Institute of Engineering, Brazil – ferrari@ime.eb.br
4 Dept. of Electrical Engineering, Pontifical Catholic University of Rio de Janeiro, Brazil - raul@ele.puc-rio.br

Keywords: deforestation, multimodal fusion, deep learning, weather data, satellite alerts

Abstract

This paper presents a multimodal deep learning framework for deforestation detection that integrates satellite-based deforestation
alerts (DETER) with weather and atmospheric variables (WF). While we hypothesized that WF could provide complementary
signals for short-term deforestation prediction, our experiments show that fusion models provide only isolated and modest gains,
with no consistent improvement over DETER-only baselines. The WF-only model highlights structurally vulnerable regions but
lacks precision in identifying which specific pixels will be deforested—an ability retained by the alert-based models. Our findings
confirm the dominant role of satellite alerts for precise deforestation monitoring, with WF signals offering limited added value for
operational systems.

1. Introduction

1.1 Context

The Brazilian Amazon faces significant deforestation from
farming, road construction, and large-scale mining [Giljum et
al., 2022], putting critical ecosystems at risk by threatening
biodiversity, climate stability, and carbon storage [Lorenz et
al., 2021]. If forest loss reaches 40% of the area, it could
trigger global temperature increases of up to 4°C by century’s
end [Pereira et al., 2020], making improved monitoring essen-
tial [Lemos and Silva, 2011, Aguiar et al., 2016].

Deep learning, especially convolutional neural networks
(CNNs), has become the dominant approach for deforestation
monitoring. These models effectively detect forest loss [de Bem
et al., 2020], support uncertainty estimation [Martinez et al.,
2024], and enhance detection through data fusion [Ferrari et
al., 2023], highlighting the value of integrating complement-
ary data—such as SAR, optical, or atmospheric signals—into
pipelines for cloud-prone regions like the Amazon.

With advances in environmental sensing, mobile sources (e.g.,
smartphones, USB, and drone sensors [Mobile Physics, 2024,
Sladojevic et al., 2024, Zboralski and Kunz, 2024]) may soon
complement or replace satellites for weather and air quality
data collection. We hypothesize that such mobile-collected
data, here simulated using satellite sources, could enhance de-
forestation prediction in a cost-effective, scalable way. Non-
etheless, we acknowledge the preliminary nature of this integra-
tion and the well-known challenges of linking diffuse environ-
mental signals with precise, localized deforestation events such
as satellite-detected alerts. This study evaluates whether integ-
rating weather and air quality variables (collectively termed WF
for weather features) can improve satellite alert performance
and reduce reliance on costly verification methods such as heli-
copter surveillance.

We selected WF that are scientifically linked to forest loss
and openly available on Google Earth Engine (GEE), using

satellite datasets as proxies in the absence of mobile-collected
data. Precipitation patterns shift in deforested areas [Qin et al.,
2025]; water vapor (H2O) and carbon monoxide (CO) levels
reflect biomass removal and atmospheric changes [Lemes et
al., 2023]; fire alerts indicate clearing events [Menezes et al.,
2021]; and surface temperature signals vegetation stress [Lewis,
1998,Maillard et al., 2022]. These variables were sourced from
MODIS (LST) [NASA, 2025b], FIRMS (fire alerts) [NASA,
2025a], CHIRPS (precipitation) [UCSB, 2025], and Coperni-
cus Sentinel-5P (CO and H2O) [Copernicus, 2025].

1.2 Contributions

This work explores the feasibility of using derived weather and
air quality features (WF) for deforestation prediction, under the
hypothesis that such data could one day be collected via mobile
sensors. Our main contributions are:

• Starting from the standard deforestation prediction
pipeline based on alerts from the Detecção do Desmata-
mento em Tempo Real system (DETER) [Diniz et al.,
2015], we evaluate the impact of incorporating simulated
WF using satellite data into a late fusion model. By keep-
ing the model architecture, loss function, and patch ex-
traction strategy fixed, we aim to isolate and quantify the
specific contribution of WF signals when combined with
DETER alerts.

• While overall results were modest, we showed that in cer-
tain periods, the model captures similar spatial patterns
from WF as it does from DETER, suggesting these vari-
ables hold relevant environmental signals.

• We provide a controlled, high-resolution evaluation of WF
utility in a realistic, imbalanced setting, offering insights
into their potential as complementary inputs in future mon-
itoring systems.
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Figure 1. Overview of the proposed dual-stream fusion pipeline. Separate ResUNet models process DETER and weather data
(xDETER, xWF) to produce prediction maps (ỹDETER, ỹWF). These outputs are stacked into a fusion tensor (xFUSION) and then fed

into a lightweight CNN (FusionNet) to generate the final deforestation predictions.

2. Methodology

We adopted ResUNet as our core architecture for deforesta-
tion prediction due to its proven performance in remote sensing
tasks [de Bem et al., 2020]. This choice was informed by pre-
liminary experiments comparing alternative models, as detailed
in Section 4.

Following this, we explored strategies for incorporating WF
signals into the learning pipeline. A first attempt to feed both
DETER alerts and WF channels into a unified model input,
denoted as x[DETER,WF], resulted in lower performance com-
pared to the DETER-only baseline. This suggested that the WF
signal—being weaker and more diffuse—was likely overshad-
owed by the more directly informative DETER data.

To address this, we adopted a modular approach by training
two separate models: one using only DETER data (serving as
our baseline) and another using only WF inputs. We then ap-
plied a late fusion strategy [Zhao et al., 2021], combining
their respective outputs—ỹDETER and ỹWF, obtained after sig-
moid activation—through a lightweight convolutional network
called FusionUNet. This compact encoder-decoder architecture
is composed of Conv2d, BatchNorm2d, and ReLU layers in each
block, designed to capture potential complementary relation-
ships between the two modalities while preserving the inter-
pretability of each stream. The complete methodology pipeline,
including FusionUNet, is depicted in Figure 1.

3. Experimental Analysis

3.1 Dataset

The DETER dataset comprises near real-time alerts of forest
cover changes in the Amazon, provided by the National Insti-
tute for Space Research (INPE) [Diniz et al., 2015]. Although
it includes multiple alert classifications, this study focused only
on deforestation-related records. In addition to spatial annota-
tions, these records include dates, which were adjusted to a bi-
weekly frequency: dates after the 15th of the month were reas-
signed to the 16th; others were set to the 1st.

To further work with this data, we built a grid at 5km resolution
over the Brazilian Amazon biome area. This grid was used as
a spatial reference to create alert maps for each time instant, all
stacked at the end (see Figure 2). With these spatio-temporal

data structures, called datacubes, the following features were
derived for each grid cell:

DETER features

• area: deforested area alerted, in km2.
• count area: normalized count of deforested spots.
• acumul area: accumulated deforested area.
• diff area: difference series of deforested area.
• season area: seasonality factor of deforested area.

The seasonality factor aims to capture deforestation patterns
that potentially repeat over time. To achieve this, a first mov-
ing average was computed, pixel-wise, for the deforested area.
This average, denoted µt, where t indicates the temporal index
of the biweeks, targeted the pixel value one year before, i.e.
24 biweeks, and its 3 past and future values. It’s worth noting
that, in order to compute µt, we lost the first 27 biweeks values
pixel-wise. From this smoothed series, the seasonality factor,
Σt, was finally computed in a recursive manner, geometrically
weighting every seasonal period (SP ) value of this new series.
In practice, it gives more importance to the latest values, as
presented below:

Σt =

{
[µt +Σt−SP ] · 0.5, if t > SP

µt, if t ≤ SP
t ∈ Z+ (1)

On the other hand, the WF were pre-processed to match the
biweekly frequency of the deforestation labels, normalized to
[0, 1], and mapped onto the same 5 km grid as DETER to en-
sure precise spatial alignment across modalities. Since the data
came from GEE and different satellites, some values were occa-
sionally missing. This mainly happened because clouds or their
shadows blocked the sensors, or because of gaps caused by the
satellites’ viewing angle and orbit. To handle these cases, we
applied inverse distance weighting (IDW) interpolation, which
estimates the value at a target location x0 as a weighted aver-
age of neighboring valid measurements. The interpolated value
f̂(x0) is defined as:

f̂(x0) =

∑
i wif(xi)∑

i wi
, (2)

where f(xi) denotes the value at a neighboring valid point. The
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Figure 2. Construction of a DETER feature datacube. A 5km grid is overlaid on the Amazon, aggregating deforestation alerts per cell
for each biweek. Stacking these maps over time produces a spatio-temporal datacube for model input. The WF datacubes are

processed similarly, aggregating their geodatapoints into the same grid cells.

weights wi follow an inverse-square relationship:

wi =
1

d(x0, xi)2
, (3)

with d(x0, xi) representing the distance between the target loc-
ation x0 and the neighbor xi.

The final WF set comprised precipitation, H2O, CO, fire alerts,
and LST.

WF features

• LST: average daytime land surface temperature

• CO: column density of carbon monoxide

• H2O: column of water vapor for humidity

• fire alerts: alerts of nearby fire hot spots

• precipitation: rainfall time series

Biweekly temporal aggregation applies a mean for LST, CO,
and H2O, and a sum for fire alerts and precipitation.

In the end, to achieve a fair comparison of DETER-only and
late fusion methodology including WF-only, all the experiments
have considered for both datasets the following time span: from
[2018-11-16] up to [2024-12-16], a bit more than six years of
data.

3.2 Experimental Protocol

Initially, the protocol started setting the temporal splits to train-
ing and inference phases, common to all the processed feature
datacubes. In this study, it was separated a total of 103 predict-
able biweeks for training, 12 for validation and 24 for testing.

To conduct the experiments—whether following the DETER or
Fusion methodology—we extracted patches according to the
spatio-temporal structure of the processed features. As illus-
trated in Figure 3, the patches were selected for each biweek
based on the presence of at least one deforested pixel in the
target reference.

This strategy was mainly an attempt to mitigate the intrinsic
imbalance between deforested and non-deforested areas, ensur-
ing relevant training samples. Furthermore, the patches had di-
mensions of 32×32 pixels and were extracted with 60% overlap
to balance spatial coverage. We also defined an inner border
within each patch to discard edge pixel losses during training,
as these border regions have less contextual information than
inner pixels.

Figure 3. Distribution of training patches (green) over the
Amazon for the reference date [2023-02-16]. Patches were

selected if they contained at least one deforested pixel, focusing
training on relevant areas and reducing class imbalance.

Using the spatial reference of each patch, we extracted tem-
poral slices from the feature datacubes to construct the input
and target tensors, as shown in Figure 4. The WF input tensors
concatenated time slices composed by 8 consecutive time lay-
ers. For DETER, the process was similar, except for the fea-
tures diff area and season area, which used 7 and 1 time lay-
ers, respectively. In both datasets, the goal was to capture short-
term temporal patterns to predict deforested areas in the target
tensors, one biweek ahead.

To supervise the fitting process, we adopted the Focal Loss
Lfocal [Lin et al., 2017] function to also handle the dispropor-
tion between deforested and non-deforested areas:

Lfocal = −αt(1− pt)
γ log(pt) (4)

where pt is the model’s estimated probability for the deforesta-
tion class, αt is a balancing factor, and γ is the focusing para-
meter.

During loss computation, we systematically disregarded pixels
within the patches’ inner borders and losses from pixels outside
the binary mask delimiting the studied region.

Furthermore, the experiments were conducted using the Adam
optimizer, initialized with a learning rate of 1e-3 and a weight
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Figure 4. For each selected patch and biweek, the DETER input
tensor (xDETER) is built by extracting fixed-length temporal

sequences for all features within the DETER datacubes. The WF
input tensor (xWF ) is built similarly from WF datacubes. The

target tensor (y) contains the subsequent deforestation alert from
DETER.

decay of 1e-5. A cosine annealing schedule was applied to ad-
apt the learning rate throughout training too, limited to a min-
imum value of 5e-5. We set up a maximum of 100 training
epochs, with early stopping activated based on validation loss,
employing a patience of 10 epochs to prevent overfitting.

All experiments were conducted on a machine equipped with
dual NVIDIA GeForce RTX 4090 GPUs (each with 24 GB
VRAM) running CUDA 12.9. This also included their testing
phase, which was not patch-based, but in fact predicted the en-
tire maps of deforestation for each biweek ahead.

4. Results

4.1 Model Selection via Regression

To identify the most suitable model for deforestation prediction,
we initially framed the task as a regression problem. This ap-
proach allowed us to evaluate each model not only on accuracy
but also on prediction confidence and temporal stability across
biweeks. Regression outputs are continuous, providing a more
direct measure of model certainty than thresholded classifica-
tion probabilities, which is particularly useful for selecting a
model that is reliable and robust over time. We compared sev-
eral state-of-the-art architectures, including DeepLabv3+ [Chen
et al., 2018], SwinUNet [Cao et al., 2023], SimVP2 [Tan et al.,
2025], XGBoost [Cue La Rosa et al., 2024], and ResUNet.

As shown in Figure 5, ResUNet consistently achieved the low-
est mean absolute error (MAE) across biweeks, confirming both
its accuracy and stability [de Bem et al., 2020]. The consist-
ency of this comparison is further highlighted by the inverse-U
shape shared across each model’s metric, indicating a similar
pattern of performance variation over time and reinforcing the
reliability of ResUNet relative to the other architectures. Its
strong performance and stability motivated its selection for the
subsequent classification and fusion experiments, where con-
fidence in predictions is crucial for interpreting the effects of
different input features and ensuring the robustness of down-
stream deforestation mapping.

4.2 Classification and Fusion Performance

For the main deforestation detection experiments, we
transitioned to a classification setting to better quantify predict-

0.02

0.015

0.01

0.005

01/01
01/02

01/03
01/04

01/05
01/06

01/07
01/08

01/09
01/10

01/11
01/12

MAE Over Different Architectures

SimVP2

SwinUnet
DeepLabv3+

XGBoost

ResUnet

Figure 5. Mean absolute error (MAE) comparison of tested
architectures across biweeks. ResUNet consistently achieved the

lowest error.

ive performance using F1, precision, and recall — metrics well-
suited for imbalanced data where accuracy is misleading. These
metrics were reported per biweek and averaged across the test
period.

In certain biweeks, marked by stars in Figure 6, the Fusion
model shows modest improvements in F1 score and recall com-
pared to the DETER-only baseline, suggesting that under spe-
cific seasonal conditions, WF variables provide limited comple-
mentary information. However, these gains were isolated and
not systematic, highlighting the limited reliability of WF sig-
nals for consistent deforestation prediction.
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Figure 6. Difference between Fusion and DETER models in
precision, recall, and F1 score across the entire 2024 biweeks.
Positive values indicate Fusion outperforming DETER; stars

mark biweeks with notable gains.

As illustrated in Figure 7, these rare gains are visible as true
positive pixels (in yellow, indicated by arrows) that appear
only in the Fusion output ŷFUSION and not in ŷDETER, while
green indicates true positives detected by both models. Here,
ỹFUSION, ỹDETER, and ỹWF denote probability maps after sig-
moid activation; ŷ denotes thresholded binary maps.
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Figure 7. Predicted probability maps (post-sigmoid) and final classifications for biweek [2024-11-01]. The left panels show
probability maps, while the right panels display classifications where yellow marks true positives captured only by Fusion (indicated

by arrows) and green indicates true positives detected by both Fusion and DETER.

4.3 Discussion

The relationship between the DETER and weather feature (WF)
outputs reveals a clear pattern: the FusionUNet tends to pre-
serve the DETER prediction as the dominant signal. This be-
havior aligns with our expectation, as DETER provides dir-
ect satellite-based alerts of deforestation. However, the model
demonstrates only limited ability to modulate this signal based
on auxiliary WF information.

While isolated cases exist where the WF stream highlights
areas missed by DETER, these are outweighed by frequent
false positives. Figure 6 shows this trade-off: recall improves
slightly in some biweeks, but precision drops significantly due
to more false alarms. This imbalance has serious operational
implications: higher false positive rates trigger costly field
checks [ICMBio, 2021]. Thus, even a small increase in false
positives can create a significant operational burden, outweigh-
ing the marginal gain in true positives.

We initially hypothesized that a deep convolutional neural net-
work could capture subtle, complex dependencies between
weather variables and deforestation—patterns otherwise hard to
formalize. Yet, despite architectural flexibility, the network fails
to leverage weather features to enhance precision in pinpointing
deforested pixels. The fusion process instead introduces noise
rather than complementary information, leading to unnecessary
over-predictions in regions without deforestation.

We believe this limited contribution is not merely a modeling is-
sue but reflects the intrinsic weakness of the WF signals them-
selves. Compared to the direct and precise nature of DETER
alerts, the information encoded in WF variables appears too dif-
fuse to meaningfully support the prediction of short-term defor-
estation.

Despite experimenting with various architectural configurations
and input combinations to guide the model toward extracting
only the most relevant patterns from WF data, the performance
plateaued. This suggests that much of the predictive signal that
the model can learn from WF is already implicitly contained
in the DETER input, rendering the added complexity of fusion
minimally beneficial.

However, as shown in Figure 7, the output of ỹWF continues
to reflect spatial patterns similar to those of the DETER-only

model (ỹDETER), suggesting that WF signals highlight struc-
turally vulnerable areas but lack the precision needed for accur-
ate deforestation prediction. This explains why the deforested
pixels in ỹFUSION resemble those in ỹDETER, yet appear more
dispersed: the fusion model tends to broaden the spatial ex-
tent of deforestation predictions, building around the core areas
flagged by DETER using the additional, but less precise, cues
from WF. While this expansion occasionally captures new de-
forestation signals, our metrics show that it more often intro-
duces noise, limiting the practical benefits of fusion for improv-
ing predictive performance.

5. Conclusion

Despite the general trend in our results, where the weather fea-
tures (WF) do not significantly improve the baseline provided
by DETER—the Fusion model shows that WF inputs occasion-
ally offer complementary information. In certain periods, WF
slightly enhances recall by helping detect deforestation signals
missed by the satellite alert baseline.

Nonetheless, we expected that indicating where fires occurred,
where precipitation might support forest regrowth, or where
temperature could reflect vegetation resilience would refine pre-
dictions. In practice, the deforestation alerts alone seem to cap-
ture much of this information. Adjusting predictions with WF
did not confirm the need—at least for now—for a mobile data
collection pipeline. The observed gains are isolated and not
consistent enough to justify the added complexity or cost of in-
tegrating WF into deforestation monitoring.

The WF-only model, though much weaker in accuracy, tends to
highlight areas also flagged by DETER as deforestation-prone.
This suggests that WF signals may encode environmental con-
ditions linked to vulnerability, but lack the precision to predict
which specific pixels will actually be deforested.
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