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Abstract. In automated AI systems for urban change detection, deforestation tracking
requires effective, scalable approaches that generalize across different ecosystems. Current
Normalized Difference Vegetation Index (NDVI)-based approaches and single-biome deep
learning networks lack good generalizability across regions and are energy-intensive. NDVI is
prone to saturation over closed vegetation and fails over dry canopy; biome-specific networks
overfit and require extensive labeled datasets. These limitations hinder accurate monitoring
in diverse environmental settings. To this end, a spectral-attention U-Net-based model is in-
troduced using Short-Wave Infrared (SWIR) bands and multi-temporal Landsat 8/9/Sentinel-
2 imagery for biome-flexible deforestation monitoring with transfer learned ResNet-50 and
carbon-friendly training regimes. SWIR improves vegetation distress surveillance and is less
susceptible to atmospheric perturbations; transfer learning reduces data demands and train-
ing energy with sustainability improvements. Also, Spectral Attention Gates (SAGs) are
proposed that dynamically weight spectral inputs for improved feature extraction, and in-
tegrate a lightweight decoder design using transposed convolution for sharper boundary de-
tection. The proposed model achieves 92.3% IoU (Intersection over Union) in the Amazon
and 88.7% in Jordan’s temperate forests with up to 22% higher precision in arid regions com-
pared to the NDVI approach, while maintaining low energy costs (1.43 kgCO2e/10 km2 on
NVIDIA A100). Hotspot analysis reveals 42.3 km2/year loss in the Amazon (Z=4.71) and
12.5 km2/year in Jordan (Z=3.28), validated against 5000 ground truth patches (κ = 0.82).

Key-words: Deep learning; deforestation detection; spectral attention; U-Net architec-
ture; urban change detection.
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1. Introduction
Urban expansion and deforestation are deeply interlinked, as growing cities often encroach

upon natural landscapes, particularly forests [1]. Remote sensing technologies have become es-
sential for tracking these changes, revealing how urban sprawl drives deforestation patterns [2].
Understanding this relationship is vital for sustainable land management and balancing develop-
ment with ecological preservation. Similar challenges arise in other complex environmental sys-
tems, where nonlinear statistical models have proven effective in capturing interactions between
physical processes and emission dynamics, such as in computational modeling of gas–aerosol
emissions in nuclear power plants [3]. Globally, deforestation remains a severe environmental
threat, contributing 12–20% of carbon emissions [4], accelerating biodiversity loss, and disrupt-
ing hydrological systems [5]. The FAO reports that approximately 10 million hectares of forest
are lost annually due to agriculture, logging, and infrastructure expansion [6]. While tropical
regions like the Amazon dominate global forest loss (nearly 60%), temperate regions such as
the Mediterranean and Middle East also face increasing fragmentation due to urbanization and
climate-related stressors. Existing deforestation monitoring systems face two fundamental limi-
tations: (i) NDVI-based approaches saturate in closed-canopy forests and fail in arid ecosystems
where vegetation stress mimics deforestation signals; (ii) most deep learning architectures are
trained on single biomes, causing poor generalizability when applied to regions with different
spectral and structural characteristics

Monitoring deforestation remains challenging due to ecological and technical constraints [7].
Tropical forests often degrade in fragmented patterns, while temperate regions exhibit linear
deforestation linked to infrastructure development [8]. Persistent cloud cover and outdated mon-
itoring systems further obscure early-stage degradation [9], highlighting the need for accurate
observation-process modeling under uncertainty. Nonlinear cognitive-system frameworks em-
phasize that incomplete and noisy sensing critically affects learning outcomes [10]. Recent
advances in adaptive and semi-supervised learning, including online ensemble fuzzy systems,
demonstrate robustness to missing and streaming data [11]. More generally, nonlinear statis-
tical models have successfully captured complex interactions in large-scale physical systems
[3], while improved clustering strategies [12] and data-driven deep learning models under noisy
observations [13] further support the effectiveness of adaptive intelligence. Recent surveys on
evolving fuzzy and neuro-fuzzy systems underscore the importance of explainable and compu-
tationally efficient models for nonstationary environments [14], reinforcing their relevance to
scalable deforestation monitoring across diverse biomes.

Traditional techniques, including NDVI and other vegetation indices [15], offer simplicity
but struggle in arid regions due to seasonal variability [16]. Machine learning models like Ran-
dom Forests and SVMs [17] improved classification but lacked spatial coherence, often produc-
ing noisy outputs [18]. While object-based approaches added spatial context, they remained
region-specific and underperformed in multi-temporal analysis [19]. The introduction of deep
learning, particularly CNNs like U-Net-transformed deforestation monitoring by enabling accu-
rate pixel-wise segmentation with multi-sensor and temporal inputs [20]. Enhancements using
LSTM layers improved temporal generalization, achieving high IoU scores in tropical zones [21].
However, models still lack cross-biome generalizability and often underutilize SWIR bands, cru-
cial for detecting vegetation stress in arid zones [22]. Multi-sensor fusion (e.g., Sentinel-2 and
Sentinel-1) has improved monitoring in cloud-prone areas [23], but spectral adaptability remains
limited [24]. Additionally, the environmental cost of large models raises sustainability concerns
[25], prompting interest in lightweight [26] and energy-efficient architectures [27].
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To address these gaps, this study proposes a lightweight spectral-attention U-Net optimized
for cross-biome deforestation detection. Using Landsat 8/9 and Sentinel-2 imagery (2015–2023),
the model incorporates SWIR bands and multi-temporal sequences to enhance sensitivity across
tropical and arid ecosystems. Built on a ResNet-50 backbone with atrous convolutions, the archi-
tecture balances spatial resolution with receptive field expansion while minimizing carbon cost.
Evaluated in the Amazon and Jordan’s semi-arid forests, the model achieves high IoU scores and
supports real-time hotspot mapping and annual loss estimation. Key contributions include:

• Spectral Attention Gates (SAGs) are introduced to adaptively weight NIR and SWIR chan-
nels, enhancing boundary delineation and sensitivity to early-stage degradation across di-
verse biomes.

• An enhanced U-Net architecture with a ResNet-50 encoder is developed, incorporating
atrous convolutions and gated skip connections to enlarge the receptive field and mitigate
over-segmentation in fragmented landscapes.

• A cross-biome generalization study is conducted on tropical (Amazon) and semi-arid (Jor-
dan) forests, demonstrating that spectral–temporal adaptation substantially improves trans-
ferability.

• The first carbon-efficiency evaluation of deforestation segmentation models is presented,
covering energy consumption, runtime, and emissions per km2, and providing actionable
insights for sustainable real-world deployment.

The rest of paper is organized as follows. Section 2 presents materials and approaches. Exper-
iments and results are provided in Section 3, while discussion is presented in Section 4. Finally,
Section 5 concludes the paper.

2. Materials and Approaches

2.1. Study areas and dataset preparation

To evaluate the adaptability of the proposed model, two ecologically distinct regions were
selected: Jordan’s Ajloun Reserve (semi-arid, temperate) and the Brazilian Amazon (humid,
tropical). Ajloun (32°N, 35°E) features oak-pine woodlands with 65% canopy cover and 500
mm annual rainfall. The Amazon site (3°S, 60°W) includes dense evergreen forests with 85%
canopy density and over 2,500 mm of rainfall. Site selection was based on: (i) designation
as deforestation hotspots in FAO’s 2022 report, (ii) availability of over 100 high-quality scenes
(2015–2023), and (iii) presence of reliable ground truth data. Imagery was obtained from Landsat
8/9 (11 bands, 30m; USGS Tier 1 Surface Reflectance) and Sentinel-2 Level-2A (13 bands,
10–20m; ESA). Selection criteria included < 20% cloud cover (Fmask 4.0), dry season coverage
(May–Sep for Jordan; Jun–Nov for Amazon), and solar zenith angles < 30. Band weighting was
biome-specific: strong near-infrared (NIR) (0.45) in the Amazon for dense canopy detection,
SWIR1 (0.40) in Jordan for arid features. Ground truth included 5,000 manually labeled patches
(256×256) using QGIS, achieving a Cohen’s kappa of 0.82. Conflicts were resolved by majority
vote. Additional references included 1:10,000-scale forestry maps (Jordan) and Hansen Global
Forest Watch masks (2013–2021) for the Amazon.

Imagery was preprocessed to ensure radiometric and spatial consistency. Landsat data were
corrected from TOA to BOA reflectance using LEDAPS [28]; Sentinel-2 used Sen2Cor. Topo-
graphic corrections applied the SCS+C approach with SRTM DEMs. Harmonization between
sensors used spectral adjustment coefficients from ESA’s SNAP toolbox. Feature engineering
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included NDVI and the Normalized Difference SWIR Index (NDSI) to enhance canopy and wa-
ter stress detection, respectively. Texture features were added using 8-bit GLCM entropy (7×7
window) to refine edge delineation. Annual median compositing reduced cloud and snow arti-
facts. Data augmentation comprised random rotations (±30°), flips, 10% reflectance shifts (NIR,
SWIR), and synthetic forest-edge mosaics (20% of training data).

2.2. The proposed approach
The spectral-attention U-Net is proposed to deforestation segmentation, utilizing a ResNet-

50 encoder modified with atrous convolutions (dilation rates: [1, 2, 4]) to expand the receptive
field. The architecture extends attention U-Net [29] by integrating spectral attention modules
that dynamically reweight NIR and SWIR bands during training. Let I ∈ RH×W×C0 be the
input image. At encoder depth ℓ, features are Eℓ ∈ RHℓ×Wℓ×Cℓ , with gating features Gℓ ∈
RHℓ×Wℓ×Cg . Spectral attention is defined as:

Attention(F ) = σ [Conv1×1 (δ (Conv1×1(FNIR) + Conv1×1(FSWIR)))] (1)

producing an attention map A ∈ [0, 1]H×W×1, used to weight features during decoding. Encoder
features Eℓ are computed recursively using

Eℓ = ϕ (C(ϕ(C(Eℓ−1)))) , E−1 = I (2)

Where ϕ is nonlinear activation (ReLU) and C(.) is a convolutional layer with learnable filters.
Each encoder block applies two convolutions with nonlinearities, followed by pooling. In the

decoder, features are upsampled and combined with gated skip connections:

Uℓ = U(Dℓ+1), Ẽℓ = Gate(Eℓ, Uℓ), Dℓ = ϕ
(
C([Ẽℓ ∥Uℓ])

)
(3)

Attention gates suppress irrelevant features via linear projections:

Qℓ = C(Eℓ), Kℓ = C(Gℓ), Sℓ = ϕ(Qℓ +Kℓ), Mℓ = C(Sℓ), αℓ = σ(Mℓ), (4)

A hybrid of Dice loss and Focal loss are used to address class imbalance and hard samples:

LDice = 1−
2
∑

i ŷiyi + ϵ∑
i ŷi +

∑
i yi + ϵ

(5)

LCE = − 1

N

∑
i

[yi log ŷi + (1− yi) log(1− ŷi)] (6)

LFocal = −α(1− pt)
γ log(pt), pt =

{
p, y = 1

1− p, y = 0
(7)

Ltotal = 0.6 · LDice + 0.4 · LFocal (8)

The model uses ImageNet-pretrained ResNet-50 weights, with He-normal initialization [30]
for the decoder. The training of the proposed spectral-attention U-Net is cast as a nonlinear
optimization problem in which the goal is to minimize a composite loss function that balances
region-level similarity and pixel-level discrimination. The AdamW optimizer is used which per-
forms gradient-based updates with decoupled weight decay. The AdamW optimizer’s parameter
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are β1 = 0.9, β2 = 0.999, cosine-decay learning rate (3e−4), batch size 16, mixed precision
(FP16), L2 regularization (λ = 1e−4), dropout (p = 0.1), and early stopping (patience = 10).
The decoder includes five transposed convolutions (3× 3, stride 2), with spectral attention gates
applied to skip connections, where:

Fgated = A⊙ Fskip + (1−A)⊙ Fdecoder (9)

The proposed model performs binary classification for each pixel, determining whether it
belongs to forest or deforested land, the final prediction is

Ŷ = σ [Conv1×1(Ffinal)] (10)

The steps of the proposed spectral-attention U-Net for biome-adaptive deforestation detection
are outlined in Algorithm 1.

Algorithm 1: Spectral-attention U-Net for Biome-adaptive deforestation detection.
Input: Multispectral image stack I with bands {SWIR, NIR, Red}, ground truth mask

M , pretrained ResNet-50 weights θenc
Output: Trained modelM, binary segmentation map M̂

1 Preprocessing:
2 Normalize spectral bands and resize I ∈ R3×512×512

3 Temporal stacking (if multiyear data used)
4 Network Initialization:
5 Load pretrained encoder θenc from ResNet-50
6 Replace final ResNet block with atrous convolutions (dilation rates: [1, 2, 4])
7 Initialize decoder with 5 transposed conv blocks with gated skip connections
8 Attention Mechanism:
9 for i = 1 to 5 do

10 Compute spectral attention map:

Ai = σ(Conv1×1(ReLU(Conv1×1(FNIR) + Conv1×1(FSWIR))))

Refine encoder features: F ref
i = Ai ⊙ F enc

i

11 Forward Propagation:
12 F enc ← Encoder(I; θenc) , F dec ← Decoder(F ref ; θdec) , M̂ ← σ(Conv1×1(F

dec))
Optimization:

13 Optimizer: AdamW (β1 = 0.9, β2 = 0.999)
14 Learning rate: 3× 10−4 (cosine decay schedule)
15 Regularization: L2 weight decay (λ = 1× 10−4)
16 Dropout p = 0.1, Early stopping (patience = 10)
17 Postprocessing:
18 Threshold M̂ at 0.5 for binary map
19 Apply connected-component analysis for denoising
20 returnM, M̂
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2.3. Temporal analysis framework
Deforestation change detection was performed by generating annual forest probability maps

and applying temporal differencing. All input imagery was aligned using feature-based regis-
tration (SIFT + RANSAC), with alignment errors constrained to RMSE < 0.5 pixels. Annual
binary forest masks were compared using a logical XOR operation to identify change pixels,
followed by morphological opening (3 × 3 kernel) to eliminate noise and isolate contiguous
deforestation patches. For validation, spatial accuracy was assessed by constructing confusion
matrices stratified by forest density (low, medium, high) against reference data from Global For-
est Watch. Temporal trends were evaluated using the Mann-Kendall trend test (significance level
α = 0.05) and Theil-Sen slope estimator to quantify the magnitude and direction of annual for-
est loss trends. Validation was supported using Kappa statistics and bootstrapped confidence
intervals to ensure the robustness of segmentation outcomes across spatial and temporal strata.

2.4. Computational efficiency measures
To assess the sustainability of the proposed approach, performance is benchmarked across

three GPUs: NVIDIA A100 (40GB), RTX 4090 (24GB), and V100 (32GB). Evaluation metrics
included processing throughput (km2/sec), energy consumption (kWh per 10 km2), and carbon
emissions, comparing AWS cloud-based training against on-premises systems. Inference em-
ployed a sliding window approach with 25% overlap to preserve edge consistency, and TensorRT
acceleration enabled fast FP16 inference. During training, gradient accumulation was used to
achieve an effective batch size of 32, with automatic mixed precision reducing memory usage
and runtime. The overall computational complexity of the proposed architecture is dominated
by the encoder–decoder convolutional blocks. For an input image of spatial size H ×W × C
and kernel size k, the overall complexity isO(k2C2 +HW ) which is similar to standard U-Net,
with a small overhead (≈ 7%) from attention computation.

Carbon efficiency was estimated as 1.43 kgCO2e per 10 km2 tile on the A100 GPU. Training
used the AdamW optimizer with β1 = 0.9, β2 = 0.999, and an initial learning rate of 3× 10−4,
scheduled via cosine annealing. Regularization included weight decay (λ = 1 × 10−4), Monte
Carlo dropout (0.1), and early stopping with a patience of 10 epochs. A batch size of 16 was
used in mixed-precision (FP16) mode to balance speed and memory efficiency.

3. Experiments and Results

3.1. Model performance across ecosystems
The proposed spectral-attention U-Net demonstrated consistently high segmentation perfor-

mance across both tropical (Amazon) and temperate (Jordan) forest ecosystems, albeit with no-
table differences in accuracy tied to local landscape characteristics and spectral distinctiveness.
Performance was evaluated on a balanced test set comprising 5,000 image patches per region as
reported in Table 1. This performance gains reflect the contribution of the spectral-attention and
atrous-encoder components, which enhanced class separability in both homogeneous (Amazon)
and fragmented (Jordan) landscapes. In Amazon, the model achieved an IoU score of 0.923, out-
performing its performance in Jordan by 3.6%. The improvement shown in Fig. 1 (a) was largely
attributed to the NIR reflectance contrast between dense forest cover and cleared lands, and to
the relatively homogeneous forest canopy which reduced boundary complexity. To ensure that
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the reported efficiency and precision metrics reflect statistically valid performance, three com-
plementary validity methods are used: (i) Cohen’s kappa coefficient (k) to evaluate agreement
between predictions and ground truth beyond chance, yielding k = 0.82 across both biomes; (ii)
bootstrapped confidence intervals (1,000 resamples) for IoU and F1-score, which resulted in nar-
row intervals (±0.012 for IoU in Amazon, ±0.021 in Jordan), indicating stable performance; and
(iii) Z-score significance testing in the hotspot-detection module to validate spatial clustering re-
sults. These approaches jointly verify that the proposed approach is both efficient and statistically
reliable.

In contrast, performance in Jordan was slightly lower, primarily due to two major challenges:
spectral confusion between dry grassland and sparse forested areas, and increased edge com-
plexity in fragmented woodland mosaics. False negatives in Jordan were frequently caused by
misclassifications of bare rock and soil, accounting for approximately 8.1% of all errors. Addi-
tionally, 12% of total classification errors occurred within 50 meters of forest boundaries com-
pared to only 7% in the Amazon. In the Amazon, false positives were primarily due to cloud
shadows (3.2%), while selective logging areas contributed to a false negative rate of 4.8%. In
Jordan, false positives originated largely from dry grasslands (5.9%), and false negatives from
rocky outcrops and degraded vegetation zones (8.1%).

Table 1. Model performance metrics on the dataset (n = 5000 patches per region)
Metric Amazon Jordan p-value (t-test)
IoU 0.923 ± 0.012 0.887 ± 0.021 <0.001
Precision 0.94 0.91 0.003
Recall 0.90 0.85 <0.001
F1-Score 0.92 0.88 <0.001

To evaluate spectral bands contributions, SWIR is analyzed in arid regions and NIR in trop-
ical forests. In Jordan, SWIR1 (1.55 µm) effectively distinguished stressed forests (18-22%
reflectance) from exposed soils (35-45%) (Fig. 1 (b)). Adding SWIR improved precision from
0.79 (RGB-only) to 0.91 with RGB+SWIR (p < 0.01), while the NDSI (SWIR+NIR) further
raised the F1-score by 0.08, enhancing early degradation detection. In the Amazon, NIR (0.85
µm) dominated, contributing 89% of feature importance in Random Forest analysis, with SWIR2
(2.20 µm) reducing cloud-shadow false positives by 30%.

(a) Spectral reflectance profiles of forested and de-
forested areas.

(b) Distribution of SWIR reflectance values across
forest types.

Fig. 1. Comparison of forest reflectance profiles and distribution.
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3.2. Deforestation hotspots and temporal trends

Spatial analysis revealed geographically distinct patterns of forest loss in both regions, with
clear clustering of high-intensity deforestation zones. In Jordan, three statistically significant
hotspots were identified using the Getis-Ord Gi* statistic (Z > 2.58, p < 0.01). These were lo-
cated around the periphery of the Ajloun Nature Reserve (averaging 6.2 km2/year in forest loss),
near the Irbid agricultural frontier (4.1 km2/year), and in the northern highlands. Proximity to
roads was a strong predictor of deforestation, with a Pearson correlation of r = 0.76 (p < 0.001).
While, in the Amazon, five major clusters of forest loss were identified (Z > 4.0), with Rondônia
state exhibiting the most pronounced deforestation (28.4 km2/year). Spatial patterns indicated
radial expansion outward from known illegal logging hubs. Temporal trend analysis from 2015
to 2023 showed diverging patterns. The Amazon experienced a significant upward trend in de-
forestation rates, with a Theil-Sen slope estimate of +1.2 km2/year2 (p = 0.02). Conversely,
Jordan’s rates remained statistically stable (slope = +0.1 km2/year2, p = 0.45), suggesting
the effectiveness of recent land management interventions.Visual inspection of the case studies
reveals that the proposed model captures subtle pre-deforestation signals that baseline methods
overlook. For example, in Amazon Case Study 2, early canopy thinning is detected due to the
increased sensitivity of the spectral-attention gate to SWIR reflectance. In Jordan Case Study
1, the model correctly identifies scattered shrubland degradation that NDVI-based thresholding
misclassifies as noise. These results indicate that the architecture learns meaningful transitions
in vegetation structure and moisture content, particularly in regions with irregular or gradual
clearing patterns.

3.3. Ablation studies

To evaluate the contributions of key architectural components, ablation studies are conducted
focusing on attention mechanisms and spectral integration modules. In Jordan, attention gates
improved boundary recall by 7%, demonstrating their utility in environments with fragmented
landscapes. Although their inclusion increased overall training time by approximately 13%, they
concurrently reduced the number of epochs required for convergence by 18%, reflecting en-
hanced learning efficiency. The integration of spectral attention modules improved the model’s
capacity to jointly exploit NIR and SWIR inputs, resulting in a 2% increase in IoU in the Ama-
zon. Performance gains were most pronounced in transitional zones between intact forest and
recently cleared areas, where spectral heterogeneity is particularly high. In the regards of train-
ing efficiency, it can be noted that mixed-precision (FP16) training achieved a 31% reduction in
runtime without inducing any statistically meaningful decrease in IoU (< 0.005). The batch size
of 16 was identified as optimal; larger batch sizes (e.g., 32) led to out-of-memory (OOM) errors
even on high-end consumer GPUs such as the RTX 4090. Across all experiments, the model
exhibited stable convergence behaviour. Early stopping triggered at 32 epochs on average for
the Amazon region and 37 epochs for the Jordan region, corresponding to 64% and 74% of the
50-epoch training budget, respectively. This difference reflects the higher spectral heterogeneity
of Jordan’s semi-arid terrain, which required more iterations to reach a stable minimum. In all
runs, the loss plateaued with relative changes below 0.1%, indicating consistent and well-defined
convergence.

To assess the operational sustainability of the model, training, inference speeds, and carbon
emissions are benchmarked across two different GPUs. The NVIDIA A100 achieved the fastest
inference speed (1.8 km2/sec) with the highest hardware costs. The RTX 4090, in contrast,
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provided the best cost-performance ratio 0.27 per 1,000 km2 processed. Regional electricity grid
differences led to significant variability in emissions. Deploying the model in the EU (with a
greener energy mix) resulted in a 29% lower carbon footprint compared to the US. Emissions per
1,000 km2 is reported in Table 2. These results underscore the importance of regional deployment
strategies in reducing the environmental impact of large-scale forest monitoring.

Table 2. Carbon footprint with respect to GPUs
GPU kg CO2e/1,000 km2 (US) kg CO2e/1,000 km2 (EU)
A100 1.43 1.02
RTX 4090 1.59 1.14

In comparison with Global Forest Watch (GFW, the proposed model detected 14% more
instances of small-scale deforestation (< 0.5 hectares) in the Amazon than the publicly avail-
able GFW product, highlighting its enhanced sensitivity to fine-grained changes and early-stage
canopy degradation. This study advances the current state of the art in three significant dimen-
sions. In comparison with Ahmad, and Alsmadi [27], who reported an IoU of 82.1%, the pro-
posed model achieved 88.7% IoU in Jordanian forests, largely due to the integration of SWIR and
attention-based feature fusion. To the best of our knowledge, this work provides the first empiri-
cal breakdown of carbon emissions associated with large-scale deforestation monitoring models.
Among published studies between 2018–2023, none included energy or emissions metrics, high-
lighting a critical gap in computational accountability. The comparative evaluation between tem-
perate and tropical ecosystems, quantifying differences in feature importance (NIR dominance in
Amazon vs. SWIR in Jordan) addresses a gap in the literature, which predominantly focuses on
single-biome assessments. This study demonstrates that deforestation monitoring benefits sig-
nificantly from ecosystem-sensitive model design. Specifically, spectral attention mechanisms
are crucial for effective cross-biome generalization. SWIR reflectance remains underutilized but
vital spectral domain, especially in arid and semi-arid contexts. No signs of overfitting were
observed as validation IoU tracked training IoU within ±0.02 throughout training.

4. Discussion

The spectral-attention U-Net outperformed standard U-Net baselines, particularly in Jordan’s
semi-arid forests and the Amazon. Atrous convolutions in the ResNet-50 encoder improved re-
ceptive fields, yielding a 4.1% IoU gain (p < 0.01) over conventional designs but extended via
spectral attention. Attention gates enhanced boundary delineation, raising recall by 7% in frag-
mented Jordanian landscapes and reducing false positives by 22% with SWIR inputs. Temporal
robustness was strong, with > 90% accuracy on 2021–2023 holdout data, surpassing Hansen
maps (∆F1 = +0.08). While Swin-UNets showed slightly higher IoU in the Amazon (+1.2%),
their energy use (3.2× higher) limits practicality.

Hotspot clustering in the Amazon strongly correlated with illegal logging reports (r = 0.81,
p < 0.001), while Jordan showed deforestation concentrated near roads (r = 0.76, p < 0.001).
The proposed model detected 12.5 km2 of degradation missed by NDVI alerts, highlighting
SWIR’s value for early detection. Benchmarking showed the A100 as most carbon-efficient
(1.43 kgCO2e/10 km2), while the RTX 4090 offered affordable options for NGOs. Clean energy
grids (e.g., AWS Oregon) cut emissions by 87%, underscoring the need for carbon budgeting in



246 P. Naveen, M. Hassaballah

AI-driven monitoring. Mandatory SWIR inclusion is advocated for arid biomes and sustainabil-
ity accounting in conservation workflows.

Cloud cover in the Amazon caused 14% false negatives, but Sentinel-1 SAR fusion improved
F1 by +0.12. Hardware access remains a barrier; lighter models (e.g., quantized MobileNetV3)
achieved 0.84 IoU at 10% of energy cost, enabling low-resource deployment. Broader testing
in boreal and mangrove ecosystems, plus edge deployment on drones or microservers, could
provide real-time alerts. Reducing inference latency to < 5s/km2 will support operational use.
Overall, this work demonstrates that accurate, carbon-conscious deforestation monitoring is both
feasible and scalable. While k statistics, Z-scores, and bootstrapping confirm result robustness,
additional cross-validation or inter-sensor tests could further strengthen generalizability. Several
analyses indicate that the high IoU and F1-scores are not due to overfitting: training and valida-
tion losses converged consistently with early stopping at 64-74% of maximum epochs; over 90%
accuracy was maintained on temporally independent data; and cross-biome evaluation showed
only a modest 3.6% IoU drop between the Amazon and Jordan, indicating limited region-specific
bias. Regularization via dropout (0.1), L2 (λ = 10−4), data augmentation, and mixed-precision
stochasticity further supported generalization. Validation on additional biomes (e.g., temperate
and boreal forests) remains future work.

5. Conclusions

This paper introduced a spectral-attention U-Net-based model for high-resolution deforesta-
tion monitoring across contrasting biomes, achieving 92.3% IoU in the Amazon and 88.7% in
Jordan-surpassing traditional NDVI-based approaches by 22% in precision for arid regions. Key
innovations included SWIR-optimized attention gates, cross-biome generalization, and carbon-
efficient inference (1.43 kgCO2e/10 km2). The obtained results demonstrated that spectral band
selection matters, hardware choices impact sustainability and policy-ready outcomes. SWIR
bands improved detection of early-stage degradation in temperate forests, reducing false posi-
tives by 15%. NIR remained critical for tropical canopy loss mapping, but SWIR2 enhanced
cloud/shadow discrimination. The NVIDIA A100 delivered the lowest carbon footprint, while
the RTX 4090 offered the best cost-efficiency for regional monitoring. Model pruning and FP16
training reduced energy use by 35% without sacrificing accuracy. Hotspot maps identified ille-
gal logging zones in the Amazon (42.3 km2/year loss) and urban encroachment in Jordan (12.5
km2/year). Open-source release enables global south adoption without expensive hardware.

Future directions of the work include multi-sensor fusion which Integrates Sentinel-1 SAR
for cloud-penetrating capability, edge deployment that optimizes for drone-based real-time mon-
itoring and global expansion which tests in boreal and mangrove forests.
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