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Abstract

The accelerating loss and degradation of forest ecosystems necessitate accurate and efficient monitoring approaches.
This study presents a lightweight, attention-enhanced semantic segmentation framework for binary forest canopy segmentation
using satellite imagery. The proposed model integrates a U-Net architecture with a MobileNetV2 encoder and a Convolutional
Block Attention Module (CBAM) to improve feature representation while maintaining computational efficiency. The model
is evaluated on the Bragagnolo Amazon Rainforest dataset for forest-versus-non-forest segmentation. The CBAM-enhanced
model achieved a mean Intersection over Union (mloU) of 0.6339 compared with 0.6282 for the baseline U-Net—
MobileNetV2, while maintaining a comparable Dice score (0.6141 vs. 0.6187), indicating more consistent class-wise
segmentation. The exported ONNX model sustained approximately 5.9 frames per second on an NVIDIA Jetson Nano while
consuming under 80 MB of memory, confirming its feasibility for resource-constrained edge deployment. This work focuses
strictly on binary canopy segmentation and provides insights into the trade-offs between accuracy and efficiency in lightweight
deep-learning models for remote-sensing applications.

Keywords: attention, CBAM, deforestation, deep learning, edge computing, MobileNetV?2, remote sensing, satellite imagery,
semantic segmentation, UNet.

1. Introduction segmentation approaches, which have demonstrated

Accurate forest canopy segmentation from
remote sensing imagery plays a crucial role in land-
cover mapping, forest inventory, and environmental
monitoring. In tropical regions such as the Amazon
rainforest, this task is particularly challenging because
of heterogeneous canopy structures, atmospheric
effects, and the limited availability of annotated data
(Saikhammoon et al., 2023). Traditional remote
sensing techniques based on spectral indices, such as
the Normalized Difference Vegetation Index (NDVI),
provide coarse vegetation cues but are insufficient
for the precise pixel-level delineation of forested and
non-forested areas. These limitations have motivated
the adoption of deep learning—based semantic

superior performance in extracting spatial and
contextual information from remotely sensed imagery
(Durga & Karthikeyan, 2023).

Although  U-Net-based models, deeper
encoders, attention mechanisms, and multiscale
feature-fusion techniques have improved the accuracy
of forest and land-cover segmentation (Soni & Rai,
2023), these gains are commonly achieved at the cost
of increased parameter counts, memory consumption,
and inference latency (Zhang et al., 2021). As a result,
many high-performing models remain unsuitable for
deployment on resource-constrained edge devices,
including unmanned aerial vehicles, embedded
platforms, and low-power forest-monitoring systems.
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Lightweight encoders such as MobileNetV2 can
reduce computational demand (Phoophuangpairoj &
Charnkeitkong, 2026), while attention modules such
as CBAM can improve feature discrimination.
However, previous studies have not adequately
examined whether selectively integrating CBAM into
a lightweight MobileNetV2-based U-Net can improve
binary forest-canopy segmentation without substantially
increasing computational cost (Zhao et al., 2025).
Moreover, many studies report segmentation accuracy
alone, without jointly evaluating model size, inference
speed, and the contribution of attention-module
placement (Tang et al., 2024). Therefore, a clear
research gap remains in the development and
systematic evaluation of an attention-guided,
lightweight segmentation architecture that balances
pixel-level accuracy with computational efficiency
and edge deployability.

Another challenge in remote sensing applications
is the limited availability of labeled datasets. The
Bragagnolo Amazon rainforest dataset provides high-
quality annotations but contains a relatively small
number of samples, thereby restricting generalization.
Additionally, the use of downscaled input resolutions
(e.g., 128 x 128) introduces a trade-off between
computational efficiency and the preservation of fine-
grained canopy structures, limiting the scope of the
claims that can be made.

To address these gaps, this study proposes a
lightweight UNet architecture that integrates a
MobileNetV2 encoder with selectively placed CBAM
modules in the decoder. The design prioritizes
computational efficiency and edge deployability
while introducing minimal architectural modifications
to evaluate the incremental benefits of attention
mechanisms. The model is evaluated on the
Bragagnolo Amazon dataset for binary forest canopy
segmentation using standard metrics, including the
Dice coefficient and mean Intersection over Union,
together with efficiency measures such as parameter
count and inference speed. The evaluation explicitly
acknowledges the dataset and resolution constraints,
and the results are interpreted conservatively within
this scope. The study is strictly limited to binary
segmentation and does not address tasks such as
change detection or selective logging.

1.1 Literature Review

Forest monitoring and deforestation detection
have increasingly benefited from advances in artificial
intelligence, remote sensing, and multimodal data
processing. Zhao et al. (2023) conducted a

comprehensive review of individual tree crown (ITC)
detection using convolutional neural networks,
highlighting both the rapid progress in crown
delineation and the persistent challenges posed by
heterogeneous forest environments. Extending this
body of research, Zheng et al. (2024) synthesized
recent optical remote sensing—based ITC detection
methods and emphasized the need for biologically
informed models and multimodal fusion.

Beyond crown detection, Li et al. (2023)
proposed a multiscale attention-based approach for
trunk detection in urban scenes, demonstrating the
value of attention modules in isolating fine structural
details. Related research in orchard systems has also
advanced tree-level analysis. Hai et al. (2025)
developed a multimodal deep learning model for
apple tree pruning assessment, while Wang et al.
(2023a) fused machine learning and 3D image-
processing techniques for diameter-at-breast-height
estimation. In a related methodological vein,
Pechprasarn et al. (2023) demonstrated the value of
principal component analysis in identifying
discriminative features for machine learning
classification. Zhou et al. (2025) introduced a
multimodal transformer-based architecture for apple
disease detection and severity classification, while
Bhola et al. (2023) compared transfer-learning models
for cucumber disease classification, together
illustrating the shift toward lightweight yet accurate
field-ready models. Chau et al. (2024) improved tree
instance segmentation for urban inventory applications
by incorporating moving-object removal and chord-
length-based DBH estimation. Complementing these
efforts, Rianthakool et al. (2025) assess the eucalyptus
stem diameter estimation using terrestrial laser
scanning. Shaladi et al. (2025) introduced a
hierarchical AI SDN firewall for securing forest
monitoring networks.

At the individual-tree level, Liu et al. (2025)
developed a graph optimization method for tree
segmentation in terrestrial laser scanning (TLS) point
clouds, achieving significant improvements in trunk
localization and crown segmentation accuracy.
Similarly, Jiang et al. (2025) created an organ-level
PointNeXt-based segmentation pipeline for apple tree
phenotyping, enabling the accurate extraction of
multiple structural traits. Yin et al. (2025) addressed
crop identification in complex mountainous
landscapes through multidimensional features and
rule-based object-oriented classification. Thakur et al.
(2022) provided a systematic review of computer
vision—based plant disease identification, illustrating
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the transition from classical machine learning to deep
learning approaches. Wu et al. (2025) reviewed
intelligent orchard sprayer technologies, emphasizing
the importance of sensor integration and real-time
control in precision agriculture.

As data availability increases, label generation
has become increasingly important. Albrecht et al.
(2021) presented Autogeolabel, an automated
geospatial label-generation pipeline that demonstrated
strong accuracy even when using simple statistical
features. In the broader context of spatial change
analysis, Xiao et al. (2023) provided a comprehensive
review of 3D urban object change detection using
aerial and terrestrial point clouds. Gharineiat et al.
(2022) reviewed machine learning applications in
LiDAR-based topographic and surface-feature
extraction. Ghazal et al. (2024) discussed computer
vision applications across the crop life cycle in smart
agriculture, while Gibril et al. (2021) developed a
CNN-based framework for large-scale date palm
mapping from UAV imagery. Zhao et al. (2025)
explored trends in deep reinforcement learning (DRL)
for agricultural machinery, emphasizing algorithm—
hardware co-optimization for field deployment.

Deforestation detection has remained a major
focus of remote sensing research. Torres et al. (2021)
demonstrated the effectiveness of fully convolutional
networks, including U-Net and DeepLab variants, for
detecting forest loss in Landsat and Sentinel imagery.
Solorzano et al. (2023) applied a 3D U-Net model to
fuse SAR and multispectral data, achieving high
accuracy in the spatiotemporal modelling of forest
change. Ortega Adarme et al. (2022) improved
deforestation detection using Sentinel-1 data by
integrating distance-to-deforestation maps into a
CNN framework. Expanding on this architecture, de
Andrade et al. (2022) proposed enhanced DeepLabv3+
variants incorporating weighted focal loss to address
class imbalance. Karaman et al. (2023) developed an
attention-based network using Sentinel-1 SAR time
series and introduced the BraDD SI1TS dataset,
reporting substantial improvements in IoU.

John and Zhang (2022) designed an attention-
based U-Net that outperformed multiple baselines
across Amazon and Atlantic Forest datasets. Wang et
al. (2023b) introduced SiamHRNet OCR, a high-
resolution deforestation detection model capable of
capturing fine boundary details. Vorotyntsev et al.
(2021) applied deep semantic segmentation to
deforestation mapping in Ukrainian forest regions,
using TPU-based training to improve stability.
Alshehri et al. (2024) adapted a transformer-based

Change Former architecture for bitemporal Sentinel-2
imagery, reporting strong accuracy across conservation
areas. Silva et al. (2022) demonstrated that Sentinel-1
SAR data can achieve highly accurate near-real-time
deforestation detection, even under persistent cloud
cover in the Amazon.

Scattering-based SAR methods have also
shown strong potential. Sugimoto et al. (2022) used
scattering power decomposition with PALSAR-2 data
to identify deforestation in tropical forests with high
precision. Zhang et al. (2021) combined U-Net and
LSTM for temporal forest change modelling, achieving
competitive F1 performance. Haq et al. (2024) reviewed
the integration of [oT, Al, and satellite-based systems
for forest conservation, highlighting the role of real-
time monitoring. Noa et al. (2021) introduced an
adversarial domain adaptation framework for cross-
biome deforestation detection, thereby addressing
generalization challenges. Dascalu et al. (2023)
modelled deforestation events using logistic analysis
of Sentinel-1 time-series backscatter. Kaselimi et al.
(2022) proposed a vision transformer for multilabel
satellite image classification in forest monitoring.
Tarazona et al. (2021) fused Landsat and SAR data
using machine learning and the PVts B non-seasonal
detection method, achieving high accuracy. Vega et
al. (2021) designed a CycleGAN-based unsupervised
domain adaptation framework for deforestation
mapping in tropical biomes. Fodor and Conde (2023)
created a deep multimodal model integrating Sentinel,
Landsat, VIIRS, and MODIS imagery for burned-area
and deforestation detection. Hasan et al. (2024)
compared Al models for global deforestation
monitoring and identified key challenges in hotspot
detection. Bragagnolo et al. (2019) contributed an
important Amazon Rainforest semantic segmentation
dataset that is widely used for benchmarking. Finally,
Kar and Singh (2025) developed MBTC Net, a
multimodal  attention-based  architecture that
illustrates the broader applicability of multimodal
attention methods to environmental classification
problems.

2. Objectives

The primary objective of this study is to design
and evaluate a lightweight, attention-enhanced
semantic segmentation framework tailored for binary
forest canopy mapping on edge computing platforms.
To fulfill this overarching goal, the study pursues four
key specific objectives. First, it aims to develop a
parameter-efficient UNet variant by coupling a
MobileNetV2 feature extractor with a Convolutional
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Block Attention Module to balance low
computational complexity with high spatial accuracy.
Second, it seeks to demonstrate accurate pixel-level
binary classification of forest and non-forest regions
using Amazon Rainforest satellite imagery. Third, it
aims to systematically evaluate the performance—
efficiency trade-offs by analyzing segmentation
accuracy alongside parameter count, memory
footprint, and inference speed, specifically isolating
the empirical impact of the attention mechanism.
Finally, the study aims to validate the operational
feasibility of deploying this lightweight architecture
on low-power, resource-constrained edge hardware
under practical dataset limitations.

3. Methodology

The end-to-end methodology encompasses the
design, training, and evaluation of an efficient,
attention-guided semantic segmentation model for
high-resolution  deforestation and forest-cover
detection. The proposed system aims to achieve high
accuracy while remaining deployable on edge devices
with limited computational resources. It integrates

three key components: a U-Net segmentation
backbone, MobileNetV2 as a lightweight encoder,
and the Convolutional Block Attention Module
(CBAM) for adaptive feature refinement.

3.1 System Overview

The proposed segmentation  pipeline,
illustrated in Figure 1, is designed to process satellite
imagery for forest classification tasks. The pipeline
begins with the ingestion of RGB TIFF images and
their corresponding grayscale segmentation masks
from the Amazon Rainforest Dataset. The images
undergo preprocessing and augmentation before
being passed to the segmentation model. The encoder,
based on MobileNetV2 pretrained on ImageNet,
efficiently extracts spatial features. The decoder
follows the UNet architecture and reconstructs the
segmentation map using skip connections. A CBAM
is incorporated into the final stage of the decoder to
refine attention across the spatial and channel
dimensions. The trained model is exported in ONNX
format to support cross-platform deployment.
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Figure 1 Architecture of the Amazon Forest Segmentation Pipeline
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3.2 Dataset

The experiments were conducted using the
publicly available Amazon Rainforest Satellite Image
Dataset (Bragagnolo et al., 2019), which consists of
60 RGB images with dimensions of 512 x 512 pixels
and corresponding binary masks indicating forested
and non-forested regions. These high-resolution
images capture detailed canopy structures and are
suitable for evaluating lightweight semantic
segmentation models. Although the dataset is
relatively modest in size, its spatial fidelity and
ground-truth annotations make it well suited for
prototyping models intended for field-level
deployment. To ensure transparent reporting and
reproducibility, the dataset was divided into 70%
training data (42 images), 20% validation data (12
images), and 10% testing data (6 images). This
structured split supports appropriate performance
evaluation despite the modest dataset size. Data
augmentation techniques were applied to increase
sample variability and reduce overfitting.

3.3 Data Preprocessing and Augmentation

To improve computational efficiency and
promote generalization, all images and masks were
resized to 128 x 128 pixels. The Albumentations
library was used to implement a comprehensive
augmentation pipeline comprising random horizontal
and  vertical flips, 90° rotations, elastic
transformations, brightness and contrast adjustments,
and image normalization. These augmentations were
intended to help the model learn robust features that
are invariant to orientation, lighting conditions, and
seasonal variation, thereby improving its performance
across diverse forest structures and canopy types.

3.4 Model Architecture

The model architecture builds on the UNet
framework, which is characterized by its symmetric
encoder—decoder structure and the use of skip
connections to preserve spatial features. It is enhanced
in two keyways: first, by replacing a computationally
intensive encoder (e.g., ResNet) with the lightweight
MobileNetV2 architecture; and second, by integrating
a Convolutional Block Attention Module (CBAM)
into the decoder path to improve feature selection.

3.4.1 Encoder: MobileNetV2

MobileNetV?2 is used as the encoder because of
its computational efficiency and low parameter count.
Designed for mobile and embedded vision
applications, it employs depth wise separable

convolutions and inverted residual blocks, thereby
significantly reducing computational cost while
preserving representational capacity. The encoder is
initialized with weights pretrained on ImageNet,
enabling faster convergence during training and
strong generalization despite the limited amount of
data.

3.4.2 Decoder: UNet with Skip Connections

The decoder mirrors the encoder through a
symmetric series of up sampling layers. It uses skip
connections to combine high-resolution spatial
features from the encoder with high-level semantic
features. This architecture enables precise localization
of object boundaries, which is essential for delineating
tree crowns and forest edges in satellite imagery.

3.4.3 Attention Mechanism: CBAM

To further refine the extracted features, the
proposed model integrates a CBAM into the final
decoding block. The CBAM sequentially applies
channel- and spatial-attention mechanisms. Channel
attention aggregates global spatial context through
average and max pooling, followed by a shared
multilayer perception (MLP) and a sigmoid activation
function to emphasize relevant channels. Spatial
attention, in turn, identifies important regions within
the feature map by passing pooled feature maps
through a 7 x 7 convolution. This dual-attention
strategy helps the network focus on discriminative
regions and reduce background noise, which is
particularly valuable for identifying fragmented
canopy boundaries.

3.4.4 Training Configuration

The model (Figure 2) is implemented in PyTorch
and built using the segmentation models pytorch
library to support architectural modularity. Training
employs a hybrid loss function that combines Dice loss
(Eq. 1) and binary cross-entropy (BCE; Eq. 2), with both
components weighed equally to leverage their respective
strengths.

The Dice Loss is given by (Eq. 1)

25N v

Lpice = 1— ———Lizi—
1ce N N &
Zisyi+ Eisrdi

(Eq.1)

Binary Cross Entropy (BCE) Loss is given by

Lpcg=-— %Zﬁ] [yi- log(}’fi) +(1—yi)10g(1—}7i)] (Eq.2)
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Figure 2 Proposed UNet CBAM architecture with a mobilenetv2 encoder and decoder

Dice Loss effectively handles class imbalance
by maximizing the overlap between predicted and
ground truth regions, while BCE ensures consistent
pixel wise classification:

The combined loss is given by
Lcombined =0.5x LDice+ 0.5 x LBCE (Eq3)

The model is trained with a batch size of 16 for
five epochs. Early stopping is configured on
validation mloU, and the best-performing checkpoint
is retained for deployment. This deliberately short
schedule reflects the small size of the dataset and the
study's emphasis on efficiency; longer training on
larger datasets is identified as future work.

3.5 Evaluation Metrics

To comprehensively evaluate the model’s
effectiveness and deploy ability, four standard metrics
are used. Dice Score used to measure the degree of
overlap between prediction and ground truth using

2TP
2 TP+FP+FN (Eq.4).

The Mean Intersection over Union (mloU): Assesses
segmentation performance across forest and non
forest classes.

Dice =

TP
IoU= TP+FP+FN (Eq.5)
And
mloU= = & ToU (Eq.6)

where TP is True Positives, FP = False Positives, FN
= False Negatives, c = Number of classes.

Parameter Count: Indicates model complexity
and memory usage. Frames Per Second (FPS):
Evaluates real time inference speed on edge hardware
(Jetson Nano). These metrics provide a balanced
evaluation of the model’s predictive accuracy,
efficiency, and practical viability in field applications.

4. Result and Discussion

The proposed CBAM-UNet model was
evaluated using the Amazon Rainforest Dataset
(Bragagnolo et al., 2019), which supports binary
semantic segmentation of forested and non-forested
regions. The dataset comprises 60 high-resolution
satellite images (512 x 512 pixels) with corresponding
annotated binary masks. Despite its limited size, the
dataset contains sufficient visual variability to provide
a realistic testbed for assessing lightweight deep



SHOBHA, P.
JCST Vol. 16 No. 4, October-December 2026, Article 207

learning models intended for deployment in edge-
based ecological monitoring systems. The use of
separate training, validation, and testing subsets
supports evaluation of unseen data; however, the
small sample size limits the extent to which the
findings can be generalized. Broader validation across
different ecosystems and sensor types will require
more diverse training data.

4.1 Visual Evaluation and Ground Truth
Comparison

Visual comparison of predicted masks with
ground-truth annotations is an essential component of
semantic segmentation evaluation. The qualitative
results indicate that the CBAM-UNet architecture
effectively identifies major forested regions while
improving boundary localization, particularly along
fragmented canopy edges and transition zones. As
shown in Figure 3, both models successfully delineate
the principal forested areas; however, the CBAM-
UNet produces more precise boundaries than the
baseline model. These improvements demonstrate the
value of CBAM in enhancing the spatial sensitivity of
lightweight segmentation architectures. Nevertheless,
minor errors remain in areas characterized by fine-
scale canopy fragmentation, indicating that extremely
heterogeneous regions continue to present challenges.

These comparisons underscore the importance
of integrating attention mechanisms such as CBAM to
enhance spatial sensitivity. Although the baseline
model performs adequately, the attention-enhanced
model provides more precise localization of canopy
regions, which is critical for applications such as tree-
crown delineation and fine-scale forest monitoring.

4.2 Quantitative Performance Analysis

Model performance was rigorously assessed
through a comparative evaluation of two architectures:
(1) the proposed CBAM-UNet and (2) a baseline
UNet employing the same MobileNetV2 encoder
without attention modules. As shown in Table 1, both
models were evaluated using standard semantic
segmentation metrics, including the Dice score, mean
Intersection over Union (mloU), parameter count, and
inference speed, measured in frames per second (FPS)
on edge hardware.

» Dice Score quantifies the overlap between
predicted and actual forest regions.

» mloU averages the intersection over union
across both classes.

» Parameter Count estimates memory and
computational load.

» FPS reflects real time inference capability.

Table 1 Performance comparison of CBAM-UNet vs. Plain UNet

Model Dice Score 1 mloU 1 Parameters FPS (1 = faster)
CBAM-UNet 0.6141 0.6339 6,629,048 5.99
Plain UNet 0.6187 0.6282 6,630,120 6.23

Figure 3 Visual comparison between the predicted segmentation mask and ground truth annotation
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Figure 4 Summary visualization of lightweight CBAM-UNet architecture

Table 2 Edge device deployment benchmarks

Device Model Size Memory Usage Platform
Jetson Nano 6.6M ~78 MB ONNX
Raspberry Pi 4 6.6M ~82 MB ONNX
Intel NUC 6.6M ~65 MB ONNX

The CBAM-UNet achieved a Dice score of
0.6141 and an mloU of 0.6339, whereas the baseline
UNet—MobileNetV2 achieved a Dice score of 0.6187
and an mloU of 0.6282. These findings indicate that
the primary improvement associated with CBAM-
UNet lies in mloU, which more effectively captures
balanced class-wise overlap. Although the baseline
model attained a marginally higher Dice score,
CBAM-UNet produced more consistent segmentation
across both classes and more accurate boundary
delineation.

Although the baseline model achieved a
marginally higher Dice score, CBAM-UNet
demonstrated stronger mloU performance and more
accurate boundary delineation in the visual outputs.
Because mloU averages performance across both
classes, it provides a more balanced assessment of
segmentation quality than the Dice score, which is
more sensitive to class imbalance.

4.3 Architectural and Computational Overview
The compact architecture of CBAM-UNet is
one of its principal strengths. As illustrated in Figure
4, the model processes 128 x 128 inputs through a
series of convolutional layers, producing attention-
enhanced segmentation outputs. The encoder is
composed of MobileNetV2 blocks that use depth wise
separable convolutions to achieve computational
efficiency. Following decoding, the CBAM module
refines the feature maps through the sequential
application of channel and spatial attention.

The compact architecture of CBAM-UNet is
one of its principal strengths. As illustrated in Figure
4, the model processes 128 x 128 inputs through a
series of convolutional layers, producing attention-
enhanced segmentation outputs. The encoder
comprises MobileNetV2 blocks that use depth wise
separable convolutions to achieve computational
efficiency. Following decoding, the CBAM refines
the feature maps through the sequential application of
channel and spatial attention. The complete model
contains approximately 6.63 million parameters and
occupies roughly 25 MB in 32-bit floating-point
format, which remains well within the memory budget
of the target edge platforms.

4.4 Edge Deployment Performance

To wvalidate real-world deployability, the
trained model was exported to ONNX format and
deployed on three edge-computing platforms: the
NVIDIA Jetson Nano (4 GB RAM), Raspberry Pi 4,
and Intel NUC. These platforms represent typical
field-deployment devices used in forest monitoring
applications involving drones, mobile terminals, or
sensor nodes, as summarized in Table 2.

The results affirm that the model delivers real
time performance (> 5 FPS) on midrange edge
devices, with RAM usage consistently under 85 MB.
This level of performance is crucial for deploying Al
in connectivity constrained or off grid regions, where
cloud inference is not feasible.
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Figure 5 Training and validation loss curves over five epochs using hybrid Dice + BCE loss

4.5 Training Convergence and Learning Behavior
The training trajectory of the CBAM-UNet
model was monitored using training and validation
loss curves over five epochs. Figure 5 presents the
hybrid loss values, comprising Dice loss and binary
cross-entropy, across the training epoch. The training
loss decreased monotonically across all five epochs,
while the validation loss declined overall to 0.5529 by
the final epoch, with a transient increase at epoch 4.
Given the very short schedule, this fluctuation is more
plausibly attributable to batch-level variance than to
the onset of overfitting. No divergence between
training and validation loss was observed within this
short training schedule; however, because training
was limited to five epochs (approximately 15 gradient
updates), the absence of overfitting should be
regarded as a consequence of the abbreviated schedule
rather than as evidence of strong generalization.
The hybrid loss function helps balance region level
segmentation with pixel wise prediction accuracy,
while the use of early stopping ensures training
efficiency and avoids unnecessary epochs.

4.6 Ablation Study

To isolate the contributions of individual
architectural components, an ablation study was
conducted comparing three model configurations:

1. Baseline: UNet + MobileNetV2 (no attention)

2. Proposed: UNet + MobileNetV2 + CBAM

3. Heavy Encoder: UNet + ResNet34

The inclusion of CBAM improved mloU by
0.0057 (from 0.6282 to 0.6339), a relative gain of
0.91%, indicating a modest refinement of spatial focus
without substantial computational overhead. By
contrast, replacing MobileNetV2 with ResNet34
produced slightly higher accuracy but increased the

model size to 23.5 million parameters, thereby
reducing its suitability for edge deployment. These
findings indicate that the proposed CBAM-
MobileNetV2 configuration achieves a favorable
balance between segmentation performance and
computational efficiency.

In addition to comparing the baseline UNet—
MobileNetV2 model with its CBAM-enhanced
variant, preliminary experiments evaluated alternative
CBAM placement strategies within the decoder.
Applying CBAM modules at all decoder stages or at
earlier decoding layers did not produce consistent
improvements and, in some cases, resulted in
marginal performance degradation because of the
additional parameter overhead. CBAM was therefore
retained only at selected decoder stages, where the
balance  between  feature  refinement and
computational cost was most favorable. These results
suggest that attention mechanisms provide limited but
measurable benefits in lightweight architecture and
that indiscriminate attention placement may be
counterproductive under edge-deployment constraints.

4.7 Field Deployment Validation

For further validation, the final trained model
was exported to ONNX format and evaluated on the
Jetson Nano in terms of inference latency and
resource consumption. The ONNX model processed
128 x 128 inputs at approximately 5.9 FPS while
consuming less than 80 MB of RAM. These results
demonstrate their suitability for integration into field-
deployable systems, including UAVs, smartphones,
and embedded devices. The ONNX export also
provides  platform independence, enabling
deployment across Windows, Linux, and embedded
operating systems.
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Table 3 Summary of the CBAM-UNet Pipeline Configuration and Edge Deployment Performance

Component Configuration Details
Architecture UNet + MobileNetV2 + CBAM
Dataset Amazon Rainforest (RGB TIFF + binary PNG masks)
Input Resolution 128%128 pixels
Preprocessing Albumentations: flips, rotation, elastic transformations, normalize

Loss Function

Hybrid: 50% Dice + 50% BCE

Training Duration

5 epochs with early stopping

Evaluation Metrics

Dice Score, mloU, FPS, Parameter Count

Export Format

PyTorch (.pth), ONNX (.onnx)

4.8 Pipeline and Deployment Summary

A comprehensive snapshot of the model’s
configuration, training setup, and deployment profile
is provided in Table 3. The architecture is inherently
modular, enabling future extension to multiclass
segmentation tasks or the integration of multimodal
input channels. The efficient training strategy,
comprising five epochs, and the compact model
footprint make the system accessible to resource-
constrained organizations and field researchers.
Owing to the limited dataset size, cross-validation and
statistical averaging across multiple runs were not
feasible within the scope of this study. All reported
results were obtained from a single training run using
fixed hyperparameters.  Consequently, small
performance differences, such as the observed
improvement of 0.0057 in mloU, should be
interpreted cautiously, as they may fall within the
range of normal training variability. Accordingly, this
work emphasizes feasibility and efficiency trends
rather than statistically definitive performance gains.

5. Conclusion

This study presents CBAM-UNet, a lightweight,
edge-deployable architecture designed for forest-cover
segmentation in resource-constrained environments.
By integrating MobileNetV2 and CBAM within a
UNet framework, the model combines computational
efficiency, spatial precision, and attention-enhanced
feature refinement, thereby addressing key limitations
of semantic segmentation approaches that rely on
computationally intensive encoders or providing
limited interpretability. Experiments conducted on the
Amazon Rainforest Dataset (Bragagnolo et al., 2019)
showed that CBAM-UNet achieved a higher mloU
than the baseline model, while differences in Dice
score remained minimal. These findings indicate that
the primary performance gain was associated with
improved class-wise segmentation rather than overall
region overlap. A major strength of the proposed
approach is its attention-driven interpretability, which
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helps identify ecologically important regions such as
canopy gaps and forest edges features that may be
overlooked by conventional CNNs. This capability
enhances the model’s value in operational settings
where transparency and actionable insights are
essential. A key limitation of this study is the
relatively small dataset size of 60 annotated images,
which restricts the range of canopy structures,
environmental conditions, and geographic variability
represented. Although data augmentation and the
lightweight model design help mitigate overfitting,
generalization across different forest biomes and
satellite platforms may remain limited. Future
research  should therefore incorporate larger
multisession datasets, cross-biome sampling, and
multimodal inputs to improve robustness and
transferability.

Further development of CBAM-UNet may
include multiclass segmentation, temporal change
detection, and multimodal fusion with SAR or LIDAR
data. Additional optimization techniques, such as
pruning, quantization, and explainable Al methods,
may further improve its suitability for real-time, field-
level forest monitoring.
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7. Abbreviations

Abbreviation Full Term

CBAM Convolutional Block Attention
Module

DBH Diameter at Breast Height

UNet U-shaped Convolutional Neural
Network

DRL Deep Reinforcement Learning

CNN Convolutional Neural Network

mloU Mean Intersection over Union

BCE Binary Cross Entropy

FPS Frames Per Second

RGB Red, Green, Blue

ONNX Open Neural Network Exchange

IoU Intersection over Union

ITC Individual Tree Crown

LiDAR Light Detection and Ranging

TP True Positive

FP False Positive

FN False Negative

MLP Multilayer Perceptron

NDVI Normalized Difference
Vegetation Index

SAR Synthetic Aperture Radar

TLS Terrestrial Laser Scanning

UAV Unmanned Aerial Vehicle
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