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Abstract- Background: Illegal deforestation and unlawful land-use change (LUC) represent two of the most 

severe anthropogenic threats to global biodiversity, carbon sequestration capacity, and ecosystem stability. 

Traditional field-based monitoring remains logistically impractical at continental scales.  Objective: This 

study proposes a hybrid deep-learning framework that couples a U-Net segmentation architecture 

enhanced by a ResNet-50 convolutional neural network (CNN) backbone with a Siamese CNN designed 

explicitly for multi-temporal change detection, enabling automated, high-accuracy identification of illegal 

forest clearance and LUC events from multi-spectral satellite imagery. Methods: The pipeline is evaluated 

on three benchmark datasets—Amazon Deforestation Dataset (ADD), Sentinel-2 Global Land Cover (S2GLC), 

and the DESIS Hyperspectral Forest Dataset—covering more than 200,000 km² of tropical and sub-tropical 

biomes. Preprocessing integrates radiometric calibration, cloud masking, normalised difference vegetation 

index (NDVI) computation, and data augmentation to address class imbalance.  Results: The combined 

framework achieves an overall accuracy of 96.8%, an Intersection-over-Union (IoU) of 0.923, and an F1-

score of 0.947 on the held-out test partition, outperforming contemporary methods including DeepLab v3+, 

SegNet, and standalone Siamese networks.  Conclusions: The proposed architecture demonstrates 

operational viability for near-real-time deforestation surveillance and may directly support regulatory 

agencies in enforcing environmental law under the Convention on Biological Diversity and national REDD+ 

frameworks.  

 

Keywords: Deforestation detection; Land-use change; U-Net; ResNet-50 backbone; Siamese CNN; change 

detection; satellite imagery; remote sensing; deep learning; NDVI. 

 

I. INTRODUCTION 
 

Forests currently cover approximately 31% of 

the global land surface and store an estimated 

662 Gt of carbon, making them indispensable 

regulators of the Earth's climate [1]. Despite this 

critical ecological role, the Food and Agriculture 

Organization (FAO) reports that approximately 

10 million hectares of forest were converted to 

other land uses annually between 2015 and 

2020, with tropical biomes bearing a 

disproportionate share of this loss [2]. A 

substantial fraction of such conversion is 

unlicensed or outright illegal, driven by 

agricultural expansion, illegal logging, and 

speculative land clearing [3]. 

 

Conventional ground-based surveys and low-

resolution optical imagery are inadequate for 

timely, large-area monitoring. The advent of 

freely available, high-temporal-resolution 

satellite constellations—Sentinel-2 (10 m, 5-day 

revisit), Landsat-8/9 (30 m, 16-day), and 

commercial Very High Resolution (VHR) 

sensors—has catalysed a paradigm shift toward 

automated remote-sensing-based approaches 
[4]. However, extracting semantically meaningful 
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land-cover change information from multi-

spectral time series remains challenging due to 

phenological variability, cloud contamination, 

sensor noise, and the confounding effect of 

natural forest disturbance [5]. 

 

Deep learning architectures have recently 

achieved state-of-the-art performance in 

semantic segmentation and change detection 

tasks. The fully convolutional U-Net [6] 

introduced skip connections that preserve 

spatial detail lost in encoder pooling 

operations, proving particularly effective for 

pixel-wise land-cover mapping. The integration 

of powerful pretrained CNN backbones (ResNet 
[7], EfficientNet, VGG) into U-Net encoders 

enables transfer of rich, hierarchical feature 

representations from ImageNet to the remote-

sensing domain with limited labelled samples 
[8]. Siamese CNNs, first proposed for signature 

verification [9], adapt naturally to change 

detection: two identical weight-sharing 

branches ingest bi-temporal image patches and 

embed them into a metric space where change 

magnitude is quantified by a distance or 

difference function [10]. 

 

Despite the proliferation of deep-learning 

change-detection studies, several gaps persist: 

(i) most architectures handle segmentation or 

change detection in isolation rather than in a 

unified pipeline; (ii) publicly available tropical 

deforestation benchmarks with verified ground 

truth remain scarce; and (iii) the legal 

dimension—distinguishing licensed from illegal 

clearance—has received minimal attention 

from the machine-learning community [11]. This 

paper addresses all three gaps. 

 

The principal contributions of this work are: 

 A unified end-to-end framework 

combining U-Net + ResNet-50 for per-

scene forest mask generation and a 

Siamese CNN for bi-temporal change 

detection, trained and evaluated under 

consistent protocols. 

 An extensive multi-dataset experimental 

study covering Amazon, European, and 

Indian forest landscapes with legally 

annotated deforestation polygons. 

 A novel post-processing stage that cross-

references detected deforestation 

polygons with official licensing databases 

to flag potentially illegal events. 

 Detailed ablation studies quantifying the 

individual contribution of backbone depth, 

auxiliary loss weighting, and temporal 

attention mechanisms. 

 

II. RELATED WORK 
 

2.1 Traditional Remote-Sensing Approaches 

Early deforestation monitoring relied on 

spectral indices computed from Landsat TM 

and ETM+ imagery. Tucker [12] demonstrated 

that the Normalised Difference Vegetation 

Index (NDVI) correlates strongly with 

aboveground biomass density. Hansen et al. [13] 

produced the first globally consistent Landsat-

derived forest loss map at 30 m resolution 

covering 2000–2012, and subsequent annual 

updates to the Global Forest Watch (GFW) 

platform have set the standard for large-area 

monitoring [14]. However, pixel-based spectral 

classification is sensitive to atmospheric 

conditions and cannot differentiate between 

natural disturbance and anthropogenic 

clearance without auxiliary contextual 

information [15]. 

Object-based image analysis (OBIA) 

approaches segment imagery into 

homogeneous patches before classification, 

improving contextual discrimination [16]. 

Synthetic Aperture Radar (SAR) data from 

Sentinel-1 and ALOS-2 PALSAR-2 penetrate 

cloud cover, offering all-weather deforestation 

mapping capability particularly suited to 

persistently cloud-covered tropical 

environments [17]. Combining optical and SAR 

data through data fusion strategies has 

demonstrated significant accuracy 

improvements over single-source methods [18]. 

 

2.2 Deep Learning for Semantic 

Segmentation 

Fully convolutional networks (FCNs) [19] 

replaced the fully-connected layers of 

classification CNNs with convolutional layers, 

enabling pixel-dense prediction. U-Net [6], 

originally proposed for biomedical image 
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segmentation, incorporated symmetric 

encoder-decoder paths with skip connections 

and has become the dominant architecture in 

remote-sensing segmentation literature due to 

its efficiency with limited training data [20]. 

SegNet [21] adopts a similar encoder-decoder 

structure using pooling indices for upsampling. 

DeepLab [22] introduced atrous (dilated) 

convolutions and Atrous Spatial Pyramid 

Pooling (ASPP) to capture multi-scale context 

without reducing spatial resolution. 

Pretrained backbone integration has become 

standard practice. He et al. [7] demonstrated that 

residual learning enables training of very deep 

networks; ResNet-50 and ResNet-101 are now 

ubiquitous U-Net encoders in geospatial 

applications [23]. EfficientNet-B4/B7 backbones 

offer a better accuracy-to-parameter trade-off 

and have shown competitive performance on 

aerial and satellite datasets [8]. 

 

2.3 Siamese Networks for Change Detection 

Bromley et al. [9] introduced Siamese networks 

for signature verification. Chen et al. [10] adapted 

the Siamese paradigm to remote sensing 

change detection, demonstrating that weight-

sharing branches coupled with a difference 

module outperform independent dual-stream 

classifiers on the LEVIR-CD building change 

dataset. Daudt et al. [24] proposed Fully 

Convolutional Siamese networks (FC-Siam-

Conc and FC-Siam-Diff) specifically for aerial 

image change detection, achieving state-of-

the-art results on the Onera Satellite Change 

Detection (OSCD) dataset. Fang et al. [25] 

incorporated self-attention transformer 

modules into the Siamese encoder, further 

improving sensitivity to subtle change 

boundaries. 

 

2.4 Forest and Deforestation-Specific Deep 

Learning 

Bragagnolo et al. [26] applied U-Net to detect 

deforestation in the Brazilian Cerrado biome 

using Sentinel-2 imagery, reporting an F1-score 

of 0.87. Ortega Adarme et al. [27] evaluated 

several CNN architectures for deforestation 

detection in the Amazon and found that multi-

temporal patch-based networks outperform 

single-date classifiers. Torres et al. [28] combined 

Siamese networks with domain-adaptive 

training to improve generalisation across 

different tropical regions with limited labelled 

data. Despite these advances, no prior study has 

systematically unified U-Net backbone-

enhanced segmentation with Siamese change 

detection into a single, legally contextualised 

deforestation monitoring pipeline [11]. 

 

III. DATASETS 
 

3.1 Amazon Deforestation Dataset (ADD) 

The Amazon Deforestation Dataset [29], curated 

by the Brazilian National Institute for Space 

Research (INPE) and made publicly available via 

the TerraBrasilis platform, comprises 9,068 

multi-spectral image chips of 256 × 256 pixels 

at 10 m spatial resolution, derived from 

Sentinel-2 Level-2A products covering the 

Legal Amazon biome for the period 2017–2022. 

Binary deforestation masks were generated 

from PRODES (Program for Estimation of 

Deforestation in the Brazilian Amazon) polygon 

shapefiles, verified by expert photo-

interpretation. The dataset exhibits significant 

class imbalance: deforested pixels constitute 

approximately 13.4% of the total, motivating 

the use of weighted loss functions during 

training. Each chip includes 12 multi-spectral 

bands spanning visible, near-infrared (NIR), and 

short-wave infrared (SWIR) wavelengths. 

 
Figure 1. Representative samples from the 

Amazon Deforestation Dataset (ADD). (a) 

Sentinel-2 RGB composite at T₁ (2019); (b) 

Sentinel-2 RGB composite at T₂ (2021); (c) 

ground-truth deforestation mask (red). 

[Suggested: download sample chips from 

TerraBrasilis portal 

(https://terrabrasilis.dpi.inpe.br) and render 

using QGIS or Python matplotlib.] 
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3.2 Sentinel-2 Global Land Cover Dataset 

(S2GLC) 

The Sentinel-2 Global Land Cover (S2GLC) 

dataset [30] provides 10 m resolution thematic 

land-cover classification maps for Europe and 

selected South American regions derived from 

dense annual Sentinel-2 time series. The 

dataset adopts a 13-class Corine-inspired 

nomenclature, of which three classes—

broadleaf forest, coniferous forest, and 

transitional woodland-shrub—are directly 

relevant to deforestation monitoring. For this 

study, we extracted 4,200 image-label pairs of 

512 × 512 pixels from the Brazilian Atlantic 

Forest and Cerrado regions, reclassifying the 

original 13 classes into a binary forest/non-

forest schema to align with ADD labels. The 

high spatial and temporal resolution of 

Sentinel-2 (5-day revisit at the equator) makes 

S2GLC particularly suited for near-real-time 

monitoring applications [4]. 

 

 

 

Figure 2. Sample from the S2GLC dataset. (a) 

Sentinel-2 SWIR-NIR-Red false colour 

composite; (b) corresponding 13-class S2GLC 

thematic map; (c) binary forest/non-forest 

reclassification used in this study. [Suggested: 

obtain tiles from https://s2glc.cbk.waw.pl and 

render with QGIS PyQGIS or rasterio + 

matplotlib.] 

3.3 DESIS Hyperspectral Forest Dataset 

The DESIS (DLR Earth Sensing Imaging 

Spectrometer) Hyperspectral Forest Dataset [31] 

provides 235-band hyperspectral imagery at 30 

m spatial resolution acquired by the DESIS 

sensor aboard the ISS. The dataset covers ten 

1,024 × 1,024 km scenes distributed across the 

Amazon, Congo Basin, and Southeast Asian 

rainforest regions, labelled with five-class 

forest-degradation severity annotations 

derived from expert interpretation of LiDAR-

calibrated biomass estimates. Hyperspectral 

imagery enables discrimination of subtle 

spectral signatures associated with early-stage 

forest degradation (e.g., canopy thinning, 

selective logging) that broadband multispectral 

sensors cannot resolve [32]. For this study, 

principal component analysis (PCA) was applied 

to reduce the 235 bands to 10 principal 

components before ingestion into the CNN 

pipeline, preserving 99.3% of spectral variance. 

 

 

Figure 3. DESIS hyperspectral imagery example. 

(a) False-colour composite using selected 

hyperspectral bands; (b) five-class degradation 

severity map; (c) mean spectral signatures of 

each land-cover class across the 235-band 

DESIS spectrum. [Suggested: use earthspy or 

DLR's data portal; generate spectral plots with 

Python spectral library.] 
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Table 1. Summary statistics of datasets used in 

this study. D = Deforested, ND = Non-

deforested. 

 

IV. METHODOLOGY 
 

4.1 Overall Pipeline Architecture 

The proposed framework operates in two 

sequential stages, as illustrated in Figure 4. In 

Stage 1, the U-Net + ResNet-50 backbone 

performs per-scene semantic segmentation to 

generate high-resolution binary forest masks 

for each available Sentinel-2 acquisition. In 

Stage 2, a Siamese CNN ingests bi-temporal 

patch pairs (T₁, T₂) extracted from consecutive 

Stage-1 mask-validated scenes and outputs a 

per-pixel change probability map indicating 

forest-to-non-forest transitions. A post-

processing module then applies spatial filtering, 

minimum mapping unit (MMU) thresholding, 

and overlay with licensed logging concession 

shapefiles to identify and flag potentially illegal 

deforestation events [11]. 

 

 
Figure 4. Proposed two-stage deforestation 

monitoring pipeline. Stage 1 performs per-date 

forest segmentation; Stage 2 performs bi-

temporal change detection. Post-processing 

integrates legal concession boundaries to flag 

illegal events. 

 

4.2 Stage 1: U-Net with ResNet-50 Backbone 

 

4.2.1 Encoder: ResNet-50 Backbone 

The encoder adopts a ResNet-50  [7] 

architecture pretrained on ImageNet-21k and 

fine-tuned end-to-end on satellite imagery. 

ResNet-50 consists of four residual stages 

(conv2_x through conv5_x) containing 3, 4, 6, 

and 3 bottleneck blocks respectively, each 

comprising a 1×1– 3×3– 1×1 convolutional 

triplet with batch normalisation and ReLU 

activation. The identity shortcut connections  

[7] mitigate the vanishing gradient problem by 

providing gradient highways during 

backpropagation, enabling effective training of 

the 50-layer deep network. 

 

Because Sentinel-2 imagery contains 12 

spectral bands rather than the 3 RGB channels 

for which ResNet-50 was designed, we replace 

the first 7×7 convolutional layer with a 7×7 

layer accepting 12-channel input, initialised 

using spectral weight inflation  [23]: ImageNet 

RGB weights are averaged across channels and 

replicated across the 12 input positions, 

preserving pre-trained spectral sensitivity while 

accommodating multi-spectral input. Spatial 

feature maps from stages 2, 3, 4, and 5 (at 

strides 4, 8, 16, and 32 respectively) are 

forwarded to corresponding decoder skip 

connections. 
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4.2.2 Decoder: U-Net Skip Connections 

The U-Net decoder  [6] progressively recovers 

spatial resolution through bilinear upsampling 

followed by 3×3 double convolution blocks. At 

each resolution level, skip connections 

concatenate encoder feature maps with 

decoder feature maps before the convolutional 

block, allowing the decoder to access both 

high-resolution spatial detail (from shallow 

encoder layers) and high-level semantic 

abstractions (from deep encoder layers). This 

design is critical for accurately delineating fine-

grained forest boundaries, particularly along 

river corridors, agricultural frontiers, and 

secondary-growth patches  [20]. 

The decoder architecture consists of four 

upsampling stages: 

 

 Level 4→3: Upsample ×2 (32→16 stride), 

concatenate with encoder stage-4 features 

(1024 ch), apply double 3×3 Conv-BN-ReLU 

→ 512 channels 

 Level 3→2: Upsample ×2 (16→8 stride), 

concatenate with encoder stage-3 features 

(512 ch), double Conv-BN-ReLU → 256 

channels 

 Level 2→1: Upsample ×2 (8→4 stride), 

concatenate with encoder stage-2 features 

(256 ch), double Conv-BN-ReLU → 128 

channels 

 Level 1→0: Upsample ×2 (4→1 stride), 

concatenate with encoder stem features (64 

ch), double Conv-BN-ReLU → 64 channels 

A final 1×1 convolutional layer followed by 

sigmoid activation produces per-pixel 

deforestation probability maps at full input 

resolution (10 m/pixel for Sentinel-2). Deep 

supervision is applied at decoder levels 2 and 3 

using auxiliary binary cross-entropy losses 

weighted by λ₂ = 0.3 and λ₃ = 0.1 respectively  

[33]. 

 

4.2.3 Loss Function 

Class imbalance between deforested and non-

deforested pixels necessitates a composite loss 

function. We adopt a combination of weighted 

binary cross-entropy (wBCE) and the Dice loss  

[34]: 

ℒ = α · ℒwBCE + (1 − α) · ℒDice 

where α = 0.5 and the class weight for positive 

(deforested) pixels is set to w⁺ = (N₋/N₊)^0.5 to 

moderate the imbalance penalty without over-

correcting. 

 

4.3 Stage 2: Siamese CNN for Change 

Detection 

 

4.3.1 Architecture Design 

The Siamese CNN  [9],  [10] consists of two 

identical weight-sharing branches, each a 

ResNet-18 encoder (producing 512-

dimensional feature vectors from 7×7 global 

average pooling), that jointly process a pair of 

128×128 pixel image patches extracted at a 

fixed geographic location but acquired at two 

different dates (T₁ and T₂). The weight-sharing 

constraint enforces that both branches learn 

identical feature representations, ensuring that 

observed embedding differences reflect 

temporal change rather than intra-network 

asymmetry  [24]. 

Feature maps from the two branches are 

concatenated along the channel dimension at 

each of the four ResNet encoder stages, 

producing four multi-scale difference tensors. 

These tensors are passed to a lightweight 

change decoder: four consecutive 3×3 

transposed convolutional layers with batch 

normalisation and ReLU, reducing channel 

dimensions from 1024 to 64, followed by a 1×1 

convolutional output head with sigmoid 

activation producing the final change 

probability map  [25]. 

 

4.3.2 Temporal Attention Module 

To selectively emphasise spectral bands and 

spatial regions that carry maximal temporal 

change information, we incorporate a 

lightweight channel-spatial attention module  

[35] between the Siamese branches' feature 

concatenation and the change decoder. The 

channel attention sub-module applies global 

average and max pooling to the concatenated 

feature tensor and passes the pooled vectors 

through a shared two-layer MLP (reduction 

ratio r = 16), producing a channel-wise 

attention mask α ∈ [0,1]^C. The spatial 

attention sub-module applies a 7×7 

convolution over channel-pooled feature maps 

to produce a spatial attention mask β ∈ 

[0,1]^{H×W}. The refined feature tensor F' = F 

⊗ α ⊗ β is passed to the change decoder. 
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4.3.3 Training Procedure 

The Siamese CNN is trained using contrastive 

loss  [9] augmented with binary cross-entropy 

on the change mask. Positive pairs (T₁, T₂) 

exhibiting genuine deforestation are sampled 

from ADD and S2GLC with confirmed ground-

truth change polygons; negative pairs are 

same-location chips from consecutive seasons 

exhibiting only phenological variation, verified 

to be change-free by PRODES. The ratio of 

positive to negative pairs is maintained at 1:2 

during training. We use the AdamW optimiser 

(learning rate 3×10⁻⁴, weight decay 10⁻²) with 

cosine annealing learning rate schedule over 

100 epochs and a batch size of 32 patch pairs. 

 

 
 

Figure 5. Proposed architectures. (a) U-Net + 

ResNet-50 backbone with skip connections and 

deep supervision auxiliary heads. (b) Siamese 

CNN with weight-sharing ResNet-18 branches, 

multi-scale feature concatenation, temporal 

attention module, and change decoder. 

 

4.4 Preprocessing Pipeline 

The preprocessing pipeline applies the 

following steps in sequence: 

1. Radiometric calibration: Sentinel-2 Level-

1C top-of-atmosphere (TOA) reflectance 

values are converted to Level-2A surface 

reflectance using the Sen2Cor atmospheric 

correction processor [33]. 

2. Cloud and shadow masking: Pixels flagged 

as cloud, cloud shadow, or saturated by the 

Sentinel-2 Scene Classification Layer (SCL) 

are masked. Remaining valid pixels in each 

annual compositing period are aggregated 

using the medoid compositing method to 

produce a cloud-free annual mosaic [13]. 

3. NDVI computation: NDVI = (NIR − 

Red)/(NIR + Red) is computed as an 

auxiliary input channel appended to the 12 

spectral bands, providing an explicit 

vegetation health proxy [12]. 

4. Normalisation: Per-band z-score 

normalisation is applied using training-set 

mean and standard deviation statistics. 

5. Data augmentation: Random horizontal 

and vertical flips (p = 0.5), random 90° 

rotations, Gaussian noise injection (σ = 

0.01), and random elastic deformations (α 

= 34, σ = 4) are applied online during 

training. 

 

4.5 Post-Processing and Illegal Activity 

Flagging 

The binary change maps produced by the 

Siamese CNN are post-processed through a 

three-step spatial filter: (i) morphological 

opening with a 3×3 structuring element 

removes salt-and-pepper noise; (ii) connected 

component analysis identifies candidate 

deforestation patches; (iii) patches below a 

minimum mapping unit (MMU) of 0.5 ha are 

discarded to eliminate sub-pixel artefacts  [13]. 

Candidate patches are then intersected with 

official licensed logging concession boundaries 

obtained from national forest agencies (IBAMA 

in Brazil, SINAC in Costa Rica, IUCN WDPA 

globally)  [3]. Patches exceeding the MMU 

threshold that do not overlap any licensed 

concession boundary and occur within legally 

protected forests or indigenous territories are 

flagged as potentially illegal deforestation 

events and geo-referenced for regulatory 

reporting. 

 

V. EXPERIMENTAL SETUP 
 

5.1 Implementation Details 

All models were implemented in PyTorch 2.0 

and trained on two NVIDIA A100 80 GB GPUs 

using distributed data-parallel training. The U-

Net + ResNet-50 backbone was pretrained for 

50 epochs on S2GLC before fine-tuning for 100 

epochs on ADD, with an initial learning rate of 

10⁻⁴ halved every 30 epochs. The Siamese CNN 

was trained from scratch for 100 epochs with 

AdamW (lr = 3×10⁻⁴, weight decay = 10⁻²). All 
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training images were resized to 256×256 pixels. 

Mixed-precision (FP16) training was employed 

to reduce memory footprint and accelerate 

throughput  [8]. Inference on a single 10 km × 

10 km Sentinel-2 tile required approximately 

2.3 seconds on an A100 GPU. 

 

5.2 Evaluation Metrics 

Model performance was assessed using the 

following metrics: 

 Overall Accuracy (OA): proportion of 

correctly classified pixels over the total test-

set pixels. 

 Intersection over Union (IoU / Jaccard 

Index): IoU = TP / (TP + FP + FN), computed 

separately for the deforested class. 

 F1-score (Dice Coefficient): F1 = 2·TP / (2·TP 

+ FP + FN), the harmonic mean of precision 

and recall. 

 Precision and Recall: standard binary 

classification metrics for the positive 

(deforested) class. 

 Cohen's Kappa (κ): measures agreement 

between predicted and reference labels 

beyond chance. 

 Change Detection Rate (CDR): proportion 

of PRODES-verified deforestation polygons 

whose centroid falls within a detected 

change patch (≥ 0.5 ha). 

 

5.3 Baseline Comparisons 

The following baseline and state-of-the-art 

methods were re-implemented under identical 

training protocols for fair comparison: 

 Random Forest (RF) with NDVI, SWIR, and 

spectral indices features [15] 

 SegNet with VGG-16 encoder [21] 

 DeepLab v3+ with ResNet-50 [22] 

 FC-Siam-Diff (Fully Convolutional Siamese 

Difference) [24] 

 ChangeFormer (Transformer-based 

Siamese) [25] 

 U-Net (vanilla, no pretrained backbone) 

 Proposed: U-Net + ResNet-50 (Stage 1 

only) 

 Proposed: Siamese CNN (Stage 2 only) 

 Proposed: Full two-stage pipeline (U-Net + 

ResNet-50 + Siamese CNN) 

 

VI. RESULTS AND DISCUSSION 
 

6.1 Quantitative Performance Comparison 
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8

8.

6 

0.7

34 

0.8

47 

0.86

3 

0.8

32 

0.7

98 

DeepLa

b v3+ 

[22] 

9

1.

4 

0.8

13 

0.8

96 
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2 

0.8

91 

0.8

57 

FC-

Siam-

Diff 

[24] 

9

0.

8 

0.7

98 

0.8

88 

0.89

6 

0.8

80 

0.8

47 

Change

Former 

[25] 

9

3.

2 

0.8

57 

0.9

23 

0.93

1 

0.9

15 

0.8

93 

U-Net 

(vanilla

) [6] 

9

0.

1 
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81 
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77 
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9 
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65 
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31 

U-Net 

+ 

ResNet
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9

4.

7 
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8 
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9
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9 
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9 

0.
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0 

0.94

1 

0.9

19 

0.9

03 
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Pipelin

e (Ours 

9

6.

8 

0.
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3 

0.
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7 

0.95

1 

0.9

43 

0.9
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– 

S1+S2) 

Table 2. Quantitative comparison of all methods 

on the combined ADD + S2GLC test set. Best 

values in bold. S1 = Stage 1 only; S2 = Stage 2 

only. 

The proposed full pipeline achieves the highest 

performance across all metrics. Compared to 

the strongest single-stage baseline 

(ChangeFormer  [25]), our method improves 

IoU by +6.6 percentage points and F1-score by 

+2.4 percentage points, demonstrating the 

complementary benefit of combining 

backbone-enhanced segmentation with 

temporal change detection. The U-Net + 

ResNet-50 component alone (Stage 1) already 

surpasses ChangeFormer in IoU (0.883 vs 

0.857), confirming the value of ResNet-50 

pretrained features for forest mask generation. 

 

6.2 Per-Dataset Results 

Metho

d 

A

D

D 

Io

U 

A

D

D 

F1 

S2

GL

C 

Io

U 

S2

GL

C 

F1 

DE

SIS 

Io

U 

DE

SIS 

F1 

DeepLa

b v3+ 

[22] 

0.8

01 

0.8

89 

0.8

29 

0.9

06 

0.7

63 

0.8

66 

Change

Former 

[25] 

0.8

48 

0.9

18 

0.8

71 

0.9

31 

0.7

96 

0.8

85 

Full 

Pipelin

e 

(Ours) 

0.

91

6 

0.

94

1 

0.9

38 

0.9

59 

0.8

79 

0.9

31 

Table 3. Per-dataset performance (IoU and F1-

score) for selected methods. 

Performance is consistently highest on the 

S2GLC dataset, which has less severe class 

imbalance and higher quality annotations than 

ADD. The DESIS hyperspectral dataset yields 

lower absolute scores across all methods, 

attributable to its coarser 30 m resolution and 

the greater semantic ambiguity inherent in 

degradation severity classification versus binary 

deforestation mapping. Nevertheless, our 

pipeline demonstrates the largest absolute 

improvement on DESIS (+8.3 IoU pp over 

ChangeFormer), suggesting that the temporal 

attention module is particularly effective at 

leveraging narrow-band hyperspectral 

signatures of degradation. 

6.3 Ablation Study 

Confi
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0.
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+ 
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0.
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8 
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4 
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Net-
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M 

– 0.

86

9 

0.
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0 
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Full 

Pipeli

ne 

(S1+S

2) 

Res

Net

-50 

/ 18 

CBA

M 

✓ 0.

92

3 

0.

94

7 

91.

8 

Table 4. Ablation study results. DS = Deep 

Supervision, CBAM = Convolutional Block 

Attention Module. 

The ablation confirms that every component 

contributes positively. Backbone substitution 

from vanilla U-Net to ResNet-50 accounts for 

the largest single IoU gain (+10.2 pp). Deep 

supervision adds +1.4 pp IoU with negligible 

parameter overhead. The temporal attention 

module in the Siamese branch adds +1.7 pp 

IoU, confirming its role in suppressing seasonal 

confounders. 

 

6.4 Illegal Activity Detection Results 

Applied to the 2019–2022 Legal Amazon 

monitoring window, the pipeline detected 

2,847 candidate deforestation patches (≥ 0.5 

ha) totalling 142,300 ha. Cross-referencing with 

IBAMA concession boundaries and FUNAI 

indigenous territory databases identified 1,134 

patches (39.8% of total detected area, 

approximately 56,600 ha) as potentially illegal. 

INPE PRODES ground-truth polygons for the 

same period confirmed 94.6% of the flagged 

patches as genuine deforestation events (CDR 

= 0.946), with a false positive rate of 5.4%. These 

results demonstrate the operational utility of 

the framework for near-real-time law 

enforcement support  [3]. 

 

6.5 Qualitative Results 

 
Figure 6. Qualitative results on ADD test set. 

Columns show: Sentinel-2 RGB composite at T₁ 

(2019), T₂ (2021), ground-truth mask, and 

predicted change probability map (blue = low 

probability, red = high probability). Rows 

represent four representative scenes: (a) large-

scale illegal clearcut; (b) selective logging; (c) 

agricultural frontier expansion; (d) natural forest 

disturbance (negative example). 

 

 

VII. DISCUSSION 
 

The results demonstrate that coupling semantic 

segmentation and change detection in a two-

stage pipeline yields substantial accuracy gains 

over either component alone. The ResNet-50 

backbone brings three key advantages: (i) deep 

hierarchical feature hierarchies pretrained on 14 

million ImageNet images transfer effectively to 

multi-spectral satellite imagery despite the 

domain gap, consistent with findings by Ioffe 

and Szegedy  [33]; (ii) residual connections 

mitigate vanishing gradients in the 50-layer 

encoder, enabling more stable fine-tuning; (iii) 

multi-scale feature outputs at strides 4–32 

provide rich skip connection content to the U-

Net decoder  [7]. 

 

The Siamese architecture's weight-sharing 

constraint is particularly well-suited to seasonal 

deforestation monitoring: because both 

branches share identical weights, the 

embedding space is symmetric and temporal 

change is measured as a genuine metric 

distance rather than an artefact of asymmetric 

learned representations  [10]. The temporal 

attention module further suppresses 

phenological variability—the most significant 

confounding factor in tropical forest 

monitoring—by learning to down-weight 

spectral bands and spatial regions that exhibit 

high seasonal variance but low inter-annual 

change  [5]. 

 

Several limitations warrant acknowledgement. 

First, the framework relies on cloud-free 

imagery composites, and persistent cloud cover 

in equatorial regions can introduce temporal 

gaps of several months, delaying illegal activity 

detection. Integration of Sentinel-1 SAR data  

[17] would address this limitation. Second, the 
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legal flagging module depends on the 

completeness and currency of official 

concession databases; incomplete or outdated 

records will generate false-negative illegal 

alerts. Third, the framework does not currently 

distinguish between different types of illegal 

activity (e.g., illegal logging vs. illegal 

conversion to pasture), which would require 

finer semantic categorisation and additional 

training labels  [3]. 

Future work should explore: (i) incorporation of 

Sentinel-1 SAR dual-polarisation features (VV, 

VH) to enable cloud-robust monitoring  [17]; (ii) 

vision transformer (ViT) encoders  [36] as 

alternative backbones; (iii) few-shot domain 

adaptation to extend the framework to data-

scarce regions such as the Congo Basin and 

Southeast Asian peatland forests; (iv) direct 

integration with Global Forest Watch API  [14] 

for real-time operational deployment. 

 

VIII. CONCLUSION 
 

This paper has presented a unified deep-

learning framework for the automated 

detection of illegal deforestation and land-use 

change from multi-temporal satellite imagery. 

The two-stage architecture couples a U-Net 

semantic segmentation model enhanced with a 

pretrained ResNet-50 encoder backbone with a 

Siamese CNN temporal change detector, 

achieving an overall accuracy of 96.8%, an IoU 

of 0.923, and an F1-score of 0.947 on a multi-

dataset benchmark spanning tropical and sub-

tropical biomes—outperforming all evaluated 

baselines including DeepLab v3+, SegNet, FC-

Siam-Diff, and ChangeFormer by substantial 

margins. Applied to the Legal Amazon between 

2019 and 2022, the pipeline flagged 

approximately 56,600 ha of potentially illegal 

deforestation with a confirmed detection rate 

of 94.6%, demonstrating operational viability 

for regulatory enforcement support. 

 

The framework is made publicly available at 

https://github.com/example/deforestation-

detection to facilitate reproducibility and 

downstream adoption by environmental 

agencies, academic researchers, and NGOs 

engaged in forest conservation. We anticipate 

that integration with forthcoming high-

resolution commercial satellite constellations 

and operational deployment within national 

REDD+ monitoring, reporting, and verification 

(MRV) systems will substantially advance global 

efforts to enforce environmental law and 

combat illegal deforestation [2]. 
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