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ARTICLE INFO ABSTRACT

Keywords: High-resolution land cover semantic segmentation is challenged by strong class imbalance,
Land Cover spatial fragmentation of minority classes, and the presence of fine-scale textures and sensor
Radar noise that can dominate early feature learning. In addition, producing high-resolution labeled
Optical maps is time-consuming and requires expert annotation, while low-resolution maps are easier
Semantic Segmentation to obtain but lack spatial precision. To address these challenges, we propose MUSCLE-Net, a
Deep Supervision Multi-Scale Land Cover Network that explicitly enforces semantic consistency across spatial

resolutions through deep supervision. By introducing an auxiliary low-resolution segmentation
task during early decoding, the network is constrained to learn semantically meaningful regional
representations before recovering fine spatial details, promoting a coarse-to-fine decoding pro-
cess that mitigates overfitting to high-frequency noise. Convolutional Block Attention Modules
are incorporated in the decoder to further refine spatial and channel-wise feature selection.
For the DynamicEarthNet dataset, MUSCLE-Net achieves an overall accuracy of 66.48%,
outperforming UNet by 1.05%, DeepLabV3 by 6.21%, and PSPNet by 7.70%. For the DFC2020
dataset, MUSCLE-Net reaches an overall accuracy of 70.10%, improving upon UNet by 2.86%,
PSPNet by 4.98%, and DeepLabV3 by 6.10%, and consistently shows lower variability between
runs, reflecting enhanced robustness in minority land-cover classes.

1. Introduction

High-resolution land cover (LC) mapping is commonly performed using deep learningbased semantic segmentation
trained in a supervised manner on annotated satellite imagery [52]. LC semantic segmentation involves assigning a
distinct label to each pixel from the input data. The applications of LC semantic segmentation vary widely, ranging
from deforestation [9] and land degradation monitoring [42, 40] to sea ice recognition [45]. Depending on the task, data
from different satellites can be used: some recent work uses radar data (Sentinel-1) for LC segmentation [23, 32, 54],
while others prefer to utilize optical data (Sentinel-2) [5, 3]. Radar is often used due to its ability to operate under cloud
cover. In contrast, optical imagery provides a richer spectral representation across the visible, near-infrared (NIR), and
shortwave infrared (SWIR) wavelengths, enabling the extraction of detailed spectral and textural information. However,
optical data are sensitive to cloud interference and atmospheric effects. As a result, many studies integrate both radar
and optical images to achieve more reliable pixel-level LC identification [43].

One of the fundamental challenges in the classification of LC at the pixel-level is the imbalance between classes
that represent large spatial extents and those that occupy much smaller areas [38]. For instance, forests and agricultural
fields typically cover large regions, while features such as buildings and roads have relatively limited spatial extent.
Another significant issue arises from the high semantic similarity between certain LC classes, which often exhibit
overlapping spectral and spatial characteristics. Distinguishing between barren land and shrubland, for example, can
be particularly difficult, as sparse vegetation on rocky or sandy terrain may appear nearly identical to bare soil in
remote sensing imagery. These challenges are further intensified by the limited availability of high-resolution, expert-
annotated LC datasets. The combination of underrepresented classes and limited high-quality annotations often leads
deep learning models to overfit dominant classes and irrelevant fine-scale patterns, thereby limiting their generalization
capability.
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In encoderdecoder architectures commonly used for land-cover semantic segmentation, the decoder progressively
restores spatial resolution from compact, high-level feature representations. During the early stages of decoding, spatial
resolution is increased while global semantic context remains incomplete, requiring the reconstruction of fine-grained
details from semantically limited features. For high-resolution remote sensing imagery, early decoder features may
emphasize local textures and noise rather than meaningful land-cover semantics, especially for fragmented and minority
classes. As a result, constraining early decoder representations to encode semantically consistent information at coarser
spatial scales is critical for achieving robust and generalizable land cover segmentation.

To address the previously discussed limitations, we introduce MUSCLE-Net (Multi-Scale Land Cover Network),
an encoderdecoder architecture for land-cover semantic segmentation. The proposed model explicitly leverages multi-
resolution semantic deep supervision to enhance the decoding process and improve robustness under class imbalance
and spatial fragmentation. Deep supervision is implemented by introducing auxiliary segmentation outputs at early
decoder stages, where global semantic information is enforced before fine spatial details are recovered. This strategy
constrains the early decoding stages to learn semantically meaningful and scale-consistent representations, promoting
a coarse-to-fine refinement of land-cover regions. The features learned through auxiliary supervision are subsequently
reintegrated into the main decoding pathway, reinforcing the primary segmentation objective. In addition, skip
connections between the encoder and decoder are employed to preserve both fine-scale spatial details and large-scale
contextual information.

The decoder of MUSCLE-Net is composed of sequential convolutional layers integrated with Convolutional Block
Attention Modules (CBAM) [47]. CBAM enhances the feature representation by adaptively focusing on the most
informative channel-wise and spatial components extracted by the encoder. This attention mechanism enables the
model to capture complex landscape structures more effectively.

The proposed MUSCLE-Net architecture is encoder-agnostic and can be combined with different convolutional
or transformer-based backbones. To assess the impact of encoder choice and select a practical trade-off between
performance and computational cost, we evaluated several encoders initialized with publicly available weights pre-
trained on the reBEN dataset [18, 11]. Based on this analysis, ResNet-50 [19] is selected for the remainder of the
study.

This paper presents the following primary contributions:

o To effectively leverage both high- and low-resolution labels, a deep supervision mechanism is integrated into the
early decoding stages to promote semantic consistency, guide feature learning, and improve class discrimination
in the initial layers through supervision from low-resolution maps.

e A decoder enhanced with convolutional block attention modules is introduced to selectively emphasize relevant
spatial and channel-wise features that are critical for accurately distinguishing between different land cover types.

e Both transformer-based and convolution-based encoders are systematically evaluated within the proposed
MUSCLE-Net framework under configurations with and without deep supervision, to determine the encoder
architecture that offers the best trade-off between segmentation performance and computational efficiency.

e Features learned through the deep supervision task are re-injected into the main segmentation pathway, and
skip connections from deep encoder layers are used to strengthen the representation of both fine-grained and
large-scale LC features.

The remainder of this paper is organized as follows. The Related Work section reviews prior studies on LC semantic
segmentation, with particular attention to approaches based on weak supervision and multi-task learning. The
Methodology section describes the proposed MUSCLE-Net architecture, including the attention-enhanced decoder
based on CBAM and the integration of multi-resolution deep supervision. The Results and Discussion section presents
ablation and optimization studies that analyze the impact of encoder architectures, CBAM integration, and auxiliary
supervision strategies. This section also provides a comparative evaluation of the proposed model against several
semantic segmentation baselines using the same encoder configuration to ensure a fair comparison. Furthermore,
additional comparisons are conducted with other architectures employing different encoder backbones and decoding

strategies.
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2. Related Work

LC segmentation using deep learning can be formulated either as a single-task problem, where the model directly
predicts LC maps corresponding to predefined classes, or as a multi-task learning framework, where additional tasks
are incorporated to refine the learning process and improve segmentation performance. In [33], several single-task-
based networks, including FCN [29], UNet [35], SegNet [4], and DeepLabv3 [6], were trained and evaluated using
Optical (OPT) data to segment green urban areas. To assess model performance, the study conducted a comparative
analysis using various input configurations, including Red-Green-Blue (RGB) bands and the Normalized Difference
Vegetation Index (NDVI). In [12], a transformer-based autoencoder was employed to capture temporal and spectral
relationships in OPT data using positional encoding across spatial, temporal, and spectral dimensions to improve LC
analyses. In [23], a UNet-based model was also proposed for flood mapping using synthetic aperture radar (SAR) data.
This approach incorporated task-specific features through a wave-vision module and a vision multi-layer perceptron
mechanism. Residual connections were used to enhance spatial information transfer from the encoder to the decoder.
Similarly, SAR was used in [54] for flood mapping in open urban environments. Additionally, a new dataset named
UrbanSARFloods was introduced, and multiple semantic segmentation models such as UNet++ [55], MANet[14],
and PAN [26] were trained and evaluated on it. In [17], UNet, SF-Net [27], and LSTM [20] architectures were
modified by incorporating attention blocks as well as residual and dilated connections. The goal of the study was to
use SAR coherent features to improve land-use and deforestation mapping across different terrains in the southern
Amazon, with the enhanced UNet architecture achieving the highest accuracy.

Diversifying input data sources is one of the strategies explored to improve LC semantic segmentation. For example,
the presence of clouds and atmospheric disturbances often limits the usability of OPT imagery. To address this
limitation, [22] proposed the Optical and SAR Images Combined Mangrove Index (OSCMI), which integrates
optical data with SAR observations. In this approach, the verticalvertical (VV) polarization from SAR data is
used to complement optical information and enhance mangrove detection. Similarly, [48] introduced a multi-head
network that incorporates long skip connections to preserve spatial details and a symmetric attention mechanism to
progressively fuse SAR and optical features. These studies demonstrate the potential of combining complementary
input modalities to improve segmentation performance under challenging observation conditions.

However, another strategy was adopted [ 1], where a multi-task learning fully convolutional network was proposed for
simultaneous segmentation and boundary detection to support early-season agricultural mapping of field boundaries.
The model relied exclusively on multispectral OPT imagery as input. Since segmentation alone was insufficient for
this specific task, the authors enhanced the learning process by introducing boundary detection, along with auxiliary
tasks such as distance-to-boundary estimation and classification confidence. A plastic-mulched land mapping was
carried out in [30] using optical satellite data and the Index-Feature-Spatial-Attention Fused Deep Learning Model
(IFSA-DLM). The IFSA-DLM model was designed with a dual-branch architecture: one branch extracted multi-
scale index features, while the other processed raw spectral features directly from OPT imagery. The outputs of
both branches were then integrated through a spatial attention mechanism to enhance feature discrimination. In [2],
the authors improved the UNet architecture by incorporating channel-wise attention to the encoder features before
forwarding them through the skip connections to the decoder. The proposed model leveraged OPT imagery to detect
and map forest tree dieback. Instead of relying solely on the final decoder output, the authors introduced a teacher-
student learning strategy, in which an auxiliary output layer from intermediate decoder layers (student) learned from
the primary soft label (teacher). In [15], self-supervised learning was employed to leverage unlabeled OPT and SAR
data. The proposed model uses contrastive learning between paired SAR and optical images, combined with an
additional reconstruction task to enhance cross-modality feature representation. The resulting pretrained model can
then be transferred to downstream applications and lightly fine-tuned for LC semantic segmentation tasks.
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To improve LC semantic segmentation, weak supervision was adopted in [7]. The proposed method used a two-
stage framework that first transferred reliable samples from low-resolution land cover maps and then trained a
segmentation network using partially labeled superpixels with dynamic pseudo-label propagation. In [13], a weakly
supervised framework was proposed to improve high-resolution land cover classification using low-resolution land
cover products as guidance. The method first extracted coarse semantic information from low-resolution labels
through a superpixel-based training strategy to reduce inconsistencies with high-resolution imagery. It then refined
predictions by dynamically selecting high-confidence point labels, allowing the model to progressively learn more
detailed features, while consistency regularization integrated coarse and refined knowledge to improve segmentation
performance. Similarly, in [8], the authors employed superpixels as training units to reduce errors caused by resolution
differences and small misclassified regions. They further introduced a dual-expert learning strategy that evaluated
prediction credibility and adaptively corrected large-scale noisy labels during training, enabling the model to better
handle label noise and generate more reliable high-resolution land cover maps.

Despite the progress achieved by these approaches (supervised and unsupervised), the imbalanced spatial coverage
of LC classes remains a major challenge in LC segmentation tasks. Most datasets offer limited samples for certain
classes, causing significant class imbalance and segmentation errors. Moreover, the high semantic similarity between
some LC classes can cause models to overfit to dominant classes that span large spatial areas [38].

3. Method

This section describes the design and core components of the proposed MUSCLE-Net architecture for LC

semantic segmentation. It presents the encoderdecoder framework, the attention-enhanced decoder based on CBAM
modules, and the integration of deep supervision to improve multi-scale feature learning. This design enables effective
exploitation of both high- and low-resolution information throughout training and provides better control over the
learning process in the early stages of decoding.
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Figure 1: Overview of the proposed MUSCLE-Net architecture. The model processes multi-channel radar and/or
optical input of size H X W X N and outputs a C-channel segmentation mask. D1-D3 represent the decoder blocks,
while Aux denotes the auxiliary output used for deep supervision.

3.1. MUSCLE-Net Overview

The proposed MUSCLE-Net follows an autoencoder architecture. The encoder can be any pretrained backbone,
including convolutional networks, vision transformerbased models, or hybrid architectures. In practice, we conducted
a comparative experimental study and selected a ResNet-50 backbone pretrained on LC classification using the reBEN
dataset [18, 11]. As illustrated in Figure 1, the main contribution of MUSCLE-Net lies in its decoder design. The
decoder is specifically tailored to progressively fuse multi-scale features and enable accurate spatial reconstruction,
which distinguishes MUSCLE-Net from standard autoencoder architectures.

As depicted in Figure 1, the decoder architecture is composed of three sequential processing blocks with increasing
depth. Each block integrates a convolutional operation (Conv), whether traditional or depthwise separable [10],
followed by the CBAM [47]. The decoder incorporates CBAM to model both channel-wise and spatial dependencies
in the extracted feature maps. To facilitate more effective gradient flow and feature refinement, deep supervision is
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introduced in the decoding stage. This setup enables the extraction of highly discriminative and task-specific features,
which can lead to improved segmentation performance. The placement and weighting of the deep supervision are
empirically determined through comparative analysis.

3.2. Convolutional Block Attention Module

CBAM is integrated after the convolutional layers in the MUSCLE-Net decoder to refine feature representations.
This mechanism consists of two sequential components: channel attention and spatial attention.

In the channel attention module, the input feature map X € RPXHXW i first subjected to global average
pooling (AvgPool) and global max pooling (MaxPool) along the spatial dimensions, producing two descriptors of
shape RPXIX1Average pooling captures the general activation distribution, while max pooling highlights the most
prominent features. These descriptors are flattened and passed through a shared multilayer perceptron (MLP) composed
of two fully connected layers with a Rectified Linear Unit (ReLU) activation in between. The first layer reduces the
dimensionality from D to D/r, and the second restores it to D, enabling efficient and expressive feature transformation.

The channel attention mechanism is described in Equation 1, where ®; and ®, denote the learnable weights of
the MLP. The resulting attention map M,(X) € RP*!X! i5 obtained by summing the MLP outputs of the two pooling
paths and applying a sigmoid activation . The refined output Y, is produced by reweighting the input feature map X
through element-wise multiplication denoted as © with M (X).

Avg = AvgPool(X),

Max = MaxPool(X),

Fyye = ©,(ReLU(0; (Avg))),

Fx = 0,(ReLU(®, (Max))),
M (X) = o(Fy, + F,

avg max)7

Y,=M,/(X)0 X.

ey

Subsequently, the spatial attention module operates on the output of the channel attention. It applies average pooling
and max pooling along the channel axis, generating two spatial maps of size R'*#*W These maps are concatenated
to form a two-channel spatial descriptor R>#>W which is passed through a convolutional layer with a 7 x 7 kernel.
A sigmoid activation then produces the spatial attention map, which is multiplied element-wise with the channel-
refined feature map to emphasize informative spatial locations, resulting in the output Y. This process is expressed in
Equation 2.

Y, = 6 (Convy,; (Concat (AvgPool(Y,), MaxPool(Y,)))) © Y, )

The sequential application of channel and spatial attention in CBAM enables the network to emphasize informative
features along both channel and spatial dimensions. In the original CBAM design, a residual connection with element-
wise addition between the input feature map X and the output attention-refined feature maps from CBAM Y, is
employed to recover potentially lost information (Figure 2a). However, reintroducing the original features through
this skip connection may attenuate the effect of the attention mechanism, as it allows features to bypass the learned
attention weights.

Add
Conv+RelU }___.| CBAM I_, Conv +RelU }—'I CBAM ’—-| Conv+RelLU

(a) CBAM with residual connection (b) Proposed CBAM with direct connection

Figure 2: CBAM integration strategies: (a) the original design employing a residual connection between the input
feature map and the CBAM output, and (b) the proposed variant that directly feeds the CBAM output into the subsequent
convolutional operation without a residual connection.
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In this work, we evaluate the effectiveness of the residual connection with CBAM through ablation studies
conducted with and without it (Figure 2). In the proposed network, CBAM is not applied to the encoder, as the backbone
architectures are kept intact to allow weight initialization from the reBEN dataset.

3.3. Enhancing Land Cover Segmentation with Deep Supervision

To improve and guide learning from the early to the late stages of the decoder, auxiliary supervision with skip
connections is applied during the initial steps of decoding. This task guides the learning process by promoting the
extraction of features that are beneficial for the primary segmentation objective and re-injecting them into the decoder.
It also facilitates the learning of intermediate representations that are semantically aligned with the resolution of each
decoding stage. Unlike traditional auxiliary tasks, which often target related but distinct objectives, the auxiliary outputs
in our approach are derived from the same primary segmentation task. They are therefore down-sampled using nearest
neighbor interpolation to match the spatial dimensions of the feature maps within the corresponding decoder blocks.
This alignment enables the extraction of relevant spatial semantics in the early decoding layers and improves the flow
of meaningful information through the decoder hierarchy.

Encoder-decoder skip
connection
O i
=
i

=

X

a

(h/2, w/2, C)

Figure 3: The proposed MUSCLE-Net incorporates deep supervision through two auxiliary outputs, Aux 1 and Aux 2.
Their effectiveness is assessed through ablation and comparative analyses, where different weight configurations are
assigned to Aux 1 and Aux 2 in the global loss function.

As shown in Figure 3, we evaluate the impact of auxiliary supervision strategies, namely an early supervision
(Aux 1), a late supervision near the final output (Aux 2), and their combination with the final prediction (Final).
During the decoding phase, convolutional operations combined with CBAM are employed to transform low-resolution
features into high-resolution segmentation masks, effectively capturing both channel-wise and spatial dependencies.
Upsampling is performed using bilinear interpolation instead of transposed convolution, reducing the number of
trainable parameters. The spatial dimension is progressively restored in three stages: from H /4XW /4to H /2XW /2,
and finally to the original H X W size. Model training is guided by a weighted global loss function (Equation 3), where
L, represents the overall loss minimized during optimization. The term L, corresponds to the loss computed
from the final high-resolution segmentation output, while £, ,; and £, denote the auxiliary losses associated with
the early and late supervision branches, respectively. The weighting coefficients Ag; .1, Aauxi> and 44,40 regulate the
relative contribution of each loss component.

Liotal = AFinalLrinal T Aau1 Lawxt T Aaue Laux2
SubjeCt to )”Final > )”Auxl + Aaux2’

AFinal + Aauxi + Aaue =1 3)
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In real-world scenarios, auxiliary outputs can correspond to products available at multiple resolutions for the
same geographic region. For example, several land use land cover mapping services provide both high-resolution
products, which capture fine spatial details but are computationally expensive to acquire and process, and low-
resolution products, which are more widely available but contain coarser information. Instead of discarding the low-
resolution data, it can be used as complementary supervision during training. By aligning auxiliary outputs with these
different resolution levels, the model is encouraged to learn multi-scale feature representations, leveraging both the
broad contextual information from low-resolution data and the detailed spatial patterns from high-resolution data. This
multi-resolution supervision can ultimately improve model robustness and predictive performance.

4. Datasets and Experimental design

This section describes the datasets used in our study and the overall experimental protocol adopted to evaluate
MUSCLE-Net. We first present the characteristics and preprocessing of the employed datasets. We then detail the
experimental design, including the comparison strategies and ablation studies, followed by the evaluation metrics and
implementation details used to ensure fair and reproducible results.

4.1. Datasets
4.1.1. DFC2020

This dataset, developed for the IEEE GRSS Data Fusion Contest (DFC) 2020 [36, 34] as an extension of the
SENI12MS dataset [37], includes 8 LC classes along with Sentinel-1 and Sentinel-2 imagery and corresponding
annotations at a spatial resolution of 10 meters per pixel. Following previous works [15, 44, 12], we used the original
test set (5,128 samples) for training (85% train, 15% validation) and the original validation set (986 samples) for
evaluation.

4.1.2. DynamicEarthNet

The DynamicEarthNet dataset [41] consists of Sentinel-2 imagery from 75 regions worldwide, with pixel-level
annotations for 7 LC classes. Because our model employs a pre-trained encoder that expects inputs at a 10 m/pixel
resolution, we downsampled the Sentinel-2 bands using bilinear interpolation and the corresponding labels using
nearest-neighbor interpolation. Following the original study, the ice and snow class was excluded, as it does not appear
in the validation or test sets. A key limitation for our task is that the dataset focuses on LC segmentation and change
detection, with data collected monthly from 2018 to 2019. Many classes, such as forests and impervious surfaces, show
little change, which makes temporal samples at each location often very similar. To introduce variability and help the
model learn meaningful representations, we applied random unique crops and rotations to each monthly sample within
each region. All optical data and labels were resized to 256 X 256 pixels with a 10 m spatial resolution. We used all
samples from 10 regions for testing and 11 regions for validation, while the remaining regions were used for training.
This strategy ensures that data from the same regions, even if collected in close or distant periods, do not appear in
both training and validation sets simultaneously.

4.2. Experimental Design

Step 1 Step 2 Step 3
Encoder A h.tep Evaluati Decoder Optimization Baseline Comparison
DESCeficutectigpjaaton (CBAM, deep supervision) (UNet, PSPNet, DeepLabV3

Figure 4: Experimental workflow illustrating the three main analysis stages: encoder and input evaluation, decoder
ablation, CBAM and deep supervision analysis, and baseline comparison.

Figure 4 summarizes the experimental workflow used in our study. In Step 1, we conducted a comparative
evaluation of encoder architectures without deep supervision. This step was designed to evaluate the performance
of several encoders pre-trained on the reBEN LC classification dataset and to establish a fair comparison. The models
used in this analysis were ResNet-50, MobileViT-S [31], ConvNeXt V2 Base [46], and Inception NeXt Base [51].
ResNet-50 incorporates skip connections throughout the network architecture to mitigate the vanishing gradient
problem and preserve information across deep encoding blocks. Inception NeXt Base was designed to efficiently
extract features at varying receptive field levels. Inspired by ConvNeXt [28] and InceptionNet [39], this architecture
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applies depthwise separable convolutions instead of standard convolutions, along with residual skip connections
between blocks. Moreover, similar to the MetaFormer block [49, 50], Inception NeXt employs block-to-block residual
connections; however, unlike MetaFormer, where residual connections are added in the middle or after the MLP
operation, Inception NeXt performs the residual connection strictly at the block level after the MLP. ConvNeXt V2 Base
extends ConvNeXt by introducing Global Response Normalization (GRN), which improves representation learning
and training stability. Finally, MobileViT-S combines convolutional operations with lightweight vision transformers,
enabling efficient spatial context modeling while maintaining computational efficiency.

In Step 2, we performed decoder component analysis to isolate the contribution of each element, including CBAM,
deep supervision, and the residual addition operation between the convolutional and CBAM outputs. These experiments
were based on ResNet-50, which showed a good trade-oft between performance and model complexity, particularly
under low batch-size conditions, compared to the other encoders (Table C1 in the Appendix section). Moreover,
we further analyzed the effects of CBAM and deep supervision using the optimal parameters obtained from these
experiments across different encoders, to verify that the observed improvements generalize regardless of the encoder.

Finally, in Step 3, we benchmarked the optimized MUSCLE-Net configuration against established semantic
segmentation baselines, including UNet, PSPNet [53], and DeepLabV3, using the same encoder architecture and
identical initial weights pre-trained on the reBEN dataset to ensure a fair comparison. UNet was selected as a widely
adopted encoder—decoder architecture that leverages skip connections to preserve spatial details. PSPNet was included
to represent pyramid poolingbased approaches that capture multi-scale contextual information. DeepLabV3 was chosen
as a representative of atrous convolutionbased models, which enhance receptive fields while maintaining spatial
resolution. This selection enables a comprehensive comparison across different decoder design philosophies.

4.3. Evaluation metrics

During the analyses, the Mean Intersection over Union (MIoU) (Equation 5), computed as the average of class-wise
IoU values (Equation 4), together with the overall accuracy (OA) (Equation 6), were used as evaluation metrics, where
K denotes the number of classes. For each class i, T P;,, FP,, FN;, and T N, represent the number of true positives,
false positives, false negatives, and true negatives, respectively. True positives correspond to pixels correctly classified
as class i, false positives to pixels incorrectly assigned to class i, false negatives to pixels of class i incorrectly classified
as another class, and true negatives to pixels correctly classified as not belonging to class i.

TP
IoU=——'——— i=12,..,K “4)
TP + FP,+ FN,

K
MIoU = % Z ToU, 5)
i=1
K
K Tp
OA = Lo TH (6)

K
2o (TP + FN))

4.4. Implementation Details

The input size of the Sentinel images was 256x256 pixels for both datasets. Each input was composed of 10 OPT
bands and 2 SAR channels: specifically, 10 Sentinel-2 bands and 2 Sentinel-1 channels for DFC2020, and only optical
bands for DynamicEarthNet (Table 1). When combining SAR and OPT inputs, the channel order was as follows: *VV’,
’VH’, ’B02’°, ’B03’, ’B04’, ’B05’, ’B06’, ’B07’, ’B08’, "B8A’, ’B11°, and "B12’.

To maintain consistent initialization across all experiments, the encoders (ResNet-50, MobileViT-S, ConvNeXt
V2 Base, and Inception NeXt Base) were initialized with pre-trained weights from the reBEN dataset during the
comparative analyses. For comparative analyses, the encoder was fixed to the ResNet-50 architecture and applied
uniformly across all models (UNet, PSPNet, DeepLabV3, and MUSCLE-Net) to ensure fair evaluation. For DFC2020,
the encoder weights were trained, whereas for DynamicEarthNet, the encoder weights remained frozen across all
models in order to systematically assess both training strategies.

For all experiments, cross-entropy loss [16] was used as the training objective. Models were trained for a
maximum of 200 epochs, with early stopping applied using a patience of 20 epochs for DFC2020 and 10 epochs
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Table 1
Satellite sources and channels used from each dataset

Satellite Bands used DFC2020 | DynamicEarthNet
Sentinel-1 | VV, VH v -
Sentinel-2 | B02, B03, B04, B05, B06, B07, B08, B8A, B11, B12 v v

for DynamicEarthNet, due to its smaller number of training samples. The Adam optimizer [25] was employed with an
initial learning rate of 0.001, and batch sizes ranged from 16 to 64.

5. Results and Discussion

This section presents a comprehensive evaluation of the proposed MUSCLE-Net architecture and discusses
the impact of its design choices on LC segmentation performance. We first analyze the influence of different
encoder architectures to identify the most suitable backbone. Subsequently, we investigate the effects of key decoder
components, including CBAM and deep supervision, through extensive ablation and comparative studies. Finally, the
optimized MUSCLE-Net configuration is compared against state-of-the-art segmentation models on the DFC2020 and
DynamicEarthNet datasets to demonstrate its effectiveness and generalization capability.

5.1. Encoder Architecture Evaluation

To identify the most suitable encoder architecture for the proposed MUSCLE-Net model, we conducted ex-
periments with several networks, evaluating their performance using combined SAR and OPT inputs at the input
level. The choice of using combined SAR and OPT data, rather than either modality alone, was motivated by
a comparative analysis presented in Appendix A (Table Al), which demonstrated superior performance for the
OPT+SAR configuration on the DFC2020 dataset. Consequently, all experiments reported in this section were
conducted using the OPT+SAR input setting to enable a fair comparison across encoder architectures.

Encoder Efficiency vs Mean loU

eption NeXt
sNet-50
Q MobileViT-S

50

40

30

Mean loU (%)

20

ConvNeXt V2

10

20 22 24 2

6 28 30
Inference Time (ms)

Figure 5: Inference time, number of parameters in relation to MIoU for different encoders in the MUSCLE-Net
framework. Each bubbles size represents the number of model parameters.

Table 2 reports the per-class IoU and MIoU achieved by the proposed MUSCLE-Net using different encoder
architectures initialized with reBEN weights. All experiments were conducted with a batch size of 64, and the
comparative analysis was performed without deep supervision. Although Inception NeXt achieves the highest MIoU,
ResNet-50 attains comparable segmentation performance, with only a marginal difference in MIoU. As shown in
Figure 5, ResNet-50 exhibits a more favorable balance between segmentation accuracy and computational efficiency,
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Table 2

Per-class loU (%) and MloU (%) of the proposed model on the DFC2020 test set using different encoder architectures
with initial weights from the reBEN dataset. Best MloU is shown in blue and second-best MloU in green.

Encoder Model | Forest | Shrubland | Savanna | Grassland | Croplands | Urban | Barren | Water | MloU
Inception NeXt 67.34 42.08 18.73 0.96 30.92 | 64.91 59.22 97.24 | 47.68
MobileViT-S 35.59 38.27 19.45 0.01 51.65 | 56.65 55.92 93.60 | 43.89
ConvNeXt V2 13.29 0.00 0.00 0.00 0.50 0.00 0.02 88.88 | 12.84
ResNet-50 67.38 40.27 13.67 0.76 33.90 | 63.33 58.14 95.77 | 46.65

MloU gap (best — 2nd): 1.03

requiring fewer parameters and lower computational cost while achieving shorter inference time compared to the best-
performing model. Considering this trade-off between performance and resource consumption, ResNet-50 was selected
as the encoder for the proposed MUSCLE-Net and was used for the comparative analysis and the remainder of the study.

5.2. Optimization of MUSCLE-Net Parameters

To analyze the impact of deep supervision placement within the decoder, several weight configurations for Aux1
(Apux1) and Aux2 (A4,x2) Were evaluated. In this comparative analysis, the sum of weights assigned to the auxiliary
supervision branches was fixed at 0.10 to prevent them from dominating the optimization process and maintaining
the primary focus on the main segmentation task (Agjpa1)-
These auxiliary tasks were intended to guide feature learning in the early decoding layers rather than serving as the
primary objective of the study. As shown in Table 3, the best performance was achieved when a low weight of 0.1
was assigned exclusively to Aux1, with the remaining 0.9 allocated to the main task, resulting in a MIoU of 53.82
and an OA of 70.10 on the DFC2020 dataset. Notably, all evaluated configurations incorporating Aux1 and/or Aux2
outperformed the baseline model without auxiliary deep supervision, highlighting the effectiveness of this strategy
irrespective of the specific supervision placement. The reported results (Table 3) were obtained by training each model
five times with a batch size of 32, and reporting the mean and standard deviation across runs.

DFC2020 DynamicEarthNet
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o

54.60

w
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52:15

wu
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47.11
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.
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Figure 6: Ablation study on the DFC2020 and DynamicEarthNet test sets, assessing the effects of CBAM, deep
supervision (Auxl = 0.10), skip connections, and the removal of addition operations between convolutional and
CBAM blocks. Experiments used a batch size of 32 for DFC2020 and 16 for DynamicEarthNet, with ResNet-50 as the
backbone across all analyses.

The results reported in Table 4 further confirm the positive impact of deep supervision (Auxl = 0.10), as
incorporating deep supervision consistently improved the performance of all variants of the proposed model across
different encoder architectures. Further analyses were conducted on the DFC2020 and DynamicEarthNet datasets to
evaluate the impact of integrating CBAM, skip connections, and the addition operation between convolutional layer
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Table 3
Ablation study of deep supervision weights on DFC2020, reported as mean $ Std over 5 runs with a ResNet-50 backbone.

| Afinal | Amwa | Aawe | Mean mloU + StD [ Mean OA + StD |

0.9 0.05 | 0.05 50.89 + 3.83 68.57 + 2.77
0.9 0 0.10 52.47 + 2.23 69.17 + 1.8
0.9 0.10 0 53.82 + 0.71 70.10 £ 0.8

1 0 0 46.28 + 2.28 65.20 + 2.32

Table 4

Per-class loU scores of the proposed model under different encoder configurations, with and without deep supervision,
on the DFC2020 dataset. The final column shows the gain in MloU (A mloU) compared to the baseline without deep
supervision. All experiments used a batch size of 64 and were initialized with reBEN-pretrained weights.

Encoder Model | Decoding Technique | Forest | Shrubland | Savanna | Grassland | Croplands | Urban | Barren | Water | Mean loU (%) | A Mean loU (%)
Inception NeXt CBAM - Add 67.34 42.08 18.73 0.96 30.92 | 64.91 59.22 | 97.24 47.68

CBAM - Add + Aux | 66.09 44.69 16.88 2.41 3237 | 63.97 | 56.94 | 98.31 47.71 +0.03
MobileViT-S CBAM - Add 35.59 38.27 19.45 0.01 51.65 | 56.65 | 55.92 | 93.60 43.89

CBAM - Add + Aux | 61.92 44.27 23.78 3.16 4795 | 75.07 | 62.88 | 98.79 52.23 +8.34
ConvNeXt V2 CBAM - Add 13.29 0.00 0.00 0.00 0.50 0.00 0.02 | 88.88 12.84

CBAM - Add + Aux | 13.41 46.67 9.11 2.86 23.91 | 7231 60.29 | 99.03 40.95 +28.11
ResNet-50 CBAM - Add 67.38 40.27 13.67 0.76 33.90 | 63.33 | 58.14 | 95.77 46.65

CBAM - Add + Aux | 72.87 45.51 8.25 4.32 3591 | 69.42 | 60.65 | 98.78 49.46 +2.81

outputs and CBAM. As shown in Figure 6, applying CBAM without a residual addition connection (CBAM—Add)
resulted in noticeable performance gains (MIoU +1.92 on DFC2020), highlighting its effectiveness in enhancing both
spatial and channel-wise attention. When combined with auxiliary supervision from Aux1, this configuration achieved
the highest MIoU, indicating that early-stage guidance promotes more effective semantic feature extraction. In contrast,
introducing an addition-based residual connection between the CBAM and convolutional blocks (CBAM+Add) did
not yield further improvements on the DFC2020 dataset. Although a slight benefit was observed on DynamicEarthNet,
performance decreased on DFC2020, likely due to the reintroduction of redundant features that had previously been
suppressed by CBAM.

5.3. Comparison of MUSCLE-NET with Baseline Architectures

Based on the previous optimization and ablation analyses, the proposed MUSCLE-Net incorporates deep su-
pervision through an auxiliary loss weighted at 10%, without applying the skip-with-addition operation between
the convolutional blocks and the CBAM module. The model was compared with baseline architectures, including
UNet, PSPNet, and DeepLabV3, using the same encoder backbone (ResNet-50) and identical initialization to ensure
a fair evaluation. This configuration isolated decoder performance, as the main architectural differences lay in how
features were upsampled and fused. PSPNet employed pyramid pooling to capture features at multiple spatial scales,
DeepLabV3 utilized Atrous Spatial Pyramid Pooling (ASPP) to enhance contextual understanding, and UNet leveraged
skip connections to combine encoder and decoder features for precise segmentation.

Table 5 presents semantic segmentation results (mloU) on the DFC2020 test set, comparing our approach with
state-of-the-art (SOTA) methods. SatMAE [12] relied on an OPT reconstruction-based pretraining strategy and
was subsequently fine-tuned on the DFC2020 dataset. In contrast, CROMA [15], in both its base and large Vision
Transformer variants (ViT-B/ViT-L), was pretrained using a combination of contrastive and reconstruction objectives,
and was then evaluated using linear probing on DFC2020. Another recent model included in this comparison
was FG-MAE [44], which was based on feature-guided masked reconstruction and was later fine-tuned on the
DFC2020 dataset. Compared to these approaches, MUSCLE-Net demonstrated competitive and often superior
performance across different backbone architectures. Notably, MUSCLE-Net with a ResNet50 backbone achieved

the best performance, reaching 54.60% mloU on the same test set.
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Table 5

Semantic segmentation results (mloU) on the same test set from the DFC2020 dataset of our MUSCLE-Net compared
to SOTA with different encoders.

Model mloU (%) on DFC2020
SatMAE (ViT-L) o2 [12] 44.13
Croma (ViT-B) (023 [15] 51.58
Croma (ViT—L) (2023) [15] 53.24
FG-MAE (2024 [44] 51.8
MUSCLE-Net (MobileViT-S) 49.53
MUSCLE-Net (ConvNeXt V2) 53.56
MUSCLE-Net (ResNet50) 54.60

As shown in Table 6, a further comparison using the same encoder architecture and identical initial weights was
performed. Five independent training and testing runs were conducted for MUSCLE-Net and the baseline networks
on the DFC2020 dataset, and the average mloU and OA were reported. Incorporating the CBAM module after each
convolutional block, along with the use of deep supervision, resulted in an improvement of 2.89 in mIoU and 2.86 in
OA compared to UNet.

The performance gains were particularly pronounced for challenging and underrepresented classes such as Savanna,
Barren, and Grassland, indicating improved robustness to class imbalance. While all models achieved high accuracy
on dominant classes such as Water and Forest, MUSCLE-Net demonstrated superior consistency, as reflected by
lower standard deviations across runs. Moreover, MUSCLE-Net outperformed the baseline models on the highly
imbalanced DynamicEarthNet dataset (Figure 7). It achieved the highest overall accuracy of 66.48 + 0.68%,
surpassing UNet (65.43 + 2.42%), DeepLabV3 (60.27 + 1.21%), and PSPNet (58.78 + 0.71%). Notably, MUSCLE-
Net also exhibited the lowest variability across runs, indicating more stable and consistent performance on the
DynamicEarthNet dataset.

Overall Accuracy (OA =+ std) on DynamicEarthNet
70

65.43 + 2.42

68 1 66.48 + 0.68

66

64

62 4 60.27 + 121

Overall Accuracy (%)

604 58.78 £ 0.71

58 4

56 -

MUSCLE-Net DeeplLabV3

Figure 7: Overall Accuracy of MUSCLE-Net, UNet, PSPNet, and DeepLabV3 on the DynamicEarthNet test set,
reported as OA § standard deviation over five runs.

The results shown in Figure 8 demonstrate that the proposed model outperforms both UNet and PSPNet in pixel-
level classification, particularly along LC class boundaries and in regions where certain classes are sparsely distributed.
This improvement is attributed to the use of deep supervision, which guides the learning of global contextual features
at early stages and progressively enhances the extraction of fine spatial details in later stages of the network. As a result,
the proposed approach achieves more accurate edge delineation and class discrimination, even when compared with
UNets encoderdecoder skip connections and PSPNets pyramid-based feature learning strategy.
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Table 6

loU per class and MIoU/OA for MUSCLE-Net, UNet, PSPNet, and DeeplLabV3 on the DFC2020 dataset. Each value

shows the mean + Standard Deviation (%) over 5 runs. The best mean results are shown in bold.

Class Class % MUSCLE-Net UNet PSPNet DeepLabV3
loU (%) loU (%) loU (%) loU (%)
Forest 25.64 74.0 + 4.9 72.69 + 2.03 || 64.80 + 1.48 || 64.01 + 1.19
Shrubland 5.93 454 + 1.1 46.42 + 1.60 || 40.40 = 0.75 || 40.60 + 1.06
Savanna 10.13 176 + 3.4 13.13 + 4.17 || 15.23 +6.95 || 12.80 + 3.65
Grassland 2.09 104 + 7.8 6.74 + 4.11 2.44 + 1.96 242 + 224
Croplands 19.54 445 + 4.4 33.14 + 454 || 38.99 + 5.66 || 30.88 + 4.03
Urban/Built-up 10.73 739+ 16 73.85 +1.85 || 61.95 + 0.26 || 61.16 + 2.34
Barren 2.61 64.2 + 0.7 62.69 + 0.92 || 57.07 £ 1.83 || 56.30 + 2.37
Water 23.33 98.8 + 0.2 98.99 + 0.09 || 96.52 + 0.30 || 95.08 + 2.04
MioU (%) - 53.82 + 0.71 50.93 + 1.25 || 46.41 + 2.11 || 4541 + 1.61
OA (%) - 70.10 + 0.78 67.24 + 1.14 || 65.12 + 1.83 || 64.00 + 1.24
Sentinel-2 Ground Truth PSPNet
v = LD el

Il Forest
Grassland

Figure 8: The predicted and ground truth masks generated using the MUSCLE-Net model on samples from the test set

Hm \Wetlands
Il False Positive / False Negative

of the DFC2020 dataset.

6. Conclusion
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Land cover segmentation remains a challenging problem due to pronounced class imbalance, spatial fragmentation
of minority classes, and the limited availability of high-resolution annotated data. In this work, we demonstrate that
constraining the decoding process with multi-resolution deep supervision is an effective strategy to address these
challenges. By enforcing semantic consistency at coarse spatial scales during early decoding, the proposed approach
promotes a coarse-to-fine refinement of land-cover regions and reduces overfitting to semantically misleading fine-scale
patterns. Combined with spatialchannel attention in the decoder, this strategy leads to more robust and discriminative
feature representations.

Experimental validation on the DFC2020 and DynamicEarthNet datasets confirms consistent performance im-
provements across different land cover classes. These results highlight the effectiveness of leveraging both low- and
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high-resolution labels through deep supervision. Future work will focus on extending the framework to multi-temporal
data and exploring weakly supervised learning strategies to further reduce dependence on densely annotated high-
resolution ground truth.
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Appendix

A. Assessment of OPT, SAR, and Their Integration

In this section, we evaluate the impact of using OPT data only, SAR data only, and their combination at the input
level on model performance. All model weights reported in Table A1 were initialized using the reBEN dataset and kept
frozen during the comparative analysis to ensure a fair evaluation of the different input configurations. All experiments
were conducted with a batch size of 64. The decoder excluded deep supervision and consisted solely of convolutional
operations followed by a CBAM block without an ADD residual connection.

The experimental results reveal several trends across encoder architectures and input modalities. Overall, multi-
modal input (SAR+OPT) yielded higher MIoU and OA values across all encoders, highlighting the benefit of fusing
complementary information from both sensors. Among the evaluated architectures, Inception NeXt Base achieved the
highest MIoU (47.21%) and OA (67.59%) in the multimodal setting, with noticeable improvements in challenging
classes such as Savanna, Croplands, and Barren. ResNet-50 demonstrated competitive performance across all input
configurations, particularly in the SAR-only and OPT-only settings, where it achieved the highest MIoU under SAR-
only input (35.85%) and consistently strong OA values. MobileViT-S showed moderate performance, performing well
on Croplands in the multimodal setting, but exhibiting lower overall consistency compared to ResNet-50 and Inception
NeXt. ConvNeXt V2 Base showed limited transferability to the DFC2020 dataset, with lower MIoU and OA across all
input modalities. Performance degradation was especially evident for minority classes such as Grassland and Barren,
where near-zero IoU values were observed under OPT-only input.

Across all models and input configurations, Water consistently achieved the highest and most stable IoU values,
indicating that it is the easiest class to segment. In contrast, Grassland and Savanna remained the most challenging
classes, exhibiting low IoU across architectures and modalities, which can be attributed to their limited representation
in the training data.

B. Trainable vs. Frozen Encoder
The performance of the proposed model was evaluated using a decoder composed solely of convolutional operations
followed by a CBAM block, without an ADD residual connection, while assessing each encoder under two training
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Table Al
loU per class (%), MloU(%), and OA (%) for MUSCLE-Net without skip connection and deep supervision using different
encoder architectures on the DFC2020 dataset under different sensor modalities (SAR4+OPT, SAR only, OPT only).

Class / Metric SAR+OPT SAR only OPT only
ResNet-50 | MobileViT-S | ConvNeXt V2 | Inception NeXt | ResNet-50 | MobileViT-S | ConvNeXt V2 | Inception NeXt | ResNet-50 | MobileViT-S | ConvNeXt V2 | Inception NeXt

Forest 57.41 44.28 23.92 57.73 50.47 37.88 43.76 53.62 31.22 31.99 20.26 57.12
Shrubland 38.15 28.65 22.36 37.80 12.92 14.89 10.97 17.74 23.33 27.56 16.37 15.41
Savanna 8.20 15.14 5.73 26.12 1.89 2.36 3.16 2.44 11.46 18.46 0.21 8.96
Grassland 1.55 0.09 0.00 0.64 0.19 0.78 0.07 0.53 0.19 0.05 0.00 0.42
Croplands 27.62 55.21 38.62 49.53 33.49 31.10 40.21 31.99 42.26 39.19 36.77 45.31
Urban/Built-up 59.11 28.24 39.22 59.40 58.51 48.51 56.12 57.67 60.19 48.10 42.03 60.67
Barren 44.64 29.87 27.93 55.52 35.28 35.58 25.11 21.88 54.92 32.00 0.01 18.99
Water 93.08 81.88 84.25 90.94 94.03 84.48 94.68 94.36 94.24 82.99 81.90 94.04
MioU (%) 41.22 35.42 30.25 47.21 35.85 31.95 34.26 35.03 39.72 35.04 24.69 37.62
OA (%) 61.51 59.18 54.54 67.59 59.18 57.64 56.88 60.08 62.14 59.13 51.42 61.38

Table B1

Per-class loU (%) and MloU (%) of the proposed model on the DFC2020 test set using different encoder architectures
under two training strategies: with frozen encoder weights and with trainable encoder weights. The last column reports
the improvement (A MloU) relative to the frozen-weight baseline.

Encoder Model | Training Strategy | Forest | Shrubland | Savanna | Grassland | Croplands | Urban | Barren | Water | MloU | A MloU
. Frozen 57.73 37.80 26.12 0.64 49.53 | 59.40 55.52 90.94 | 47.21

Inception NeXt R

Trainable 67.34 42.08 18.73 0.96 30.92 64.91 59.22 97.24 | 47.68 +0.47
MobileViT-S Frozen 44.28 28.65 15.14 0.09 55.21 28.24 29.87 81.88 35.42

Trainable 35.59 38.27 19.45 0.01 51.65 56.65 55.92 93.60 | 43.89 +8.47
ConvNeXt V2 Frozen 23.92 22.36 5.73 0.00 38.62 39.22 27.93 84.25 | 30.25

Trainable 13.29 0.00 0.00 0.00 0.50 0.00 0.02 88.88 12.84 17.41
ResNet-50 Frozen 57.41 38.15 8.20 1.55 27.62 59.11 44.64 93.08 41.22

Trainable 67.38 40.27 13.67 0.76 33.90 | 63.33 58.14 95.77 | 46.65 +5.34

strategies: frozen encoder weights and fully trainable encoder weights. A fixed batch size of 64 was used across all
experiments to ensure consistent and fair comparisons. As reported in Table B1, enabling encoder fine-tuning generally
led to performance improvements for most architectures, with the exception of ConvNeXt V2. Inception NeXt exhibited
a marginal increase in MIoU (40.47), indicating that its pretrained representations learned from reBEN were already
well aligned with the DFC2020 segmentation task and benefited only slightly from further adaptation. In contrast,
MobileViT-S and ResNet-50 showed substantial gains when trained end-to-end, achieving MIoU improvements of
+8.47 and +5.34, respectively. These gains were driven by notable improvements across several classes, particularly
Urban, Barren, and Water, suggesting that these architectures were able to effectively refine their pretrained features
to better capture task-specific characteristics.

Conversely, ConvNeXt V2 experienced a significant degradation in performance when trained with unfrozen
weights, with MIoU dropping from 30.25% to 12.84%. This degradation was accompanied by near-zero IoU values
for most land-cover classes, indicating instability during fine-tuning on the relatively small DFC2020 dataset. This
behavior suggests that the features learned during pretraining on the larger reBEN dataset were more suitable for this
task when kept frozen, whereas full fine-tuning led to overfitting or loss of useful representations.

C. Impact of Batch Size on Model Performance

The performance of the proposed models was evaluated with two different batch sizes (Table C1). ResNet-50
demonstrated the best performance among the tested encoders within the MUSCLE-Net framework when a batch
size of 32 was used. The superior performance with the smaller batch size was attributed to its ability to provide
more frequent weight updates and introduce beneficial gradient noise, which often improved generalization of neural
networks [21, 24].
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Table C1

Performance comparison of encoders (ResNet50, Inception, MobileViT, and ConvNeXtV2) on the DFC2020 test set with
batch sizes 32 and 64. Reported values include loU for each class (%), along with mloU (%) and OA (%). All encoder
weights were initialized from pre-trained reBEN models and kept trainable during training.

Class Batch Size 32 Batch Size 64
ResNet-50 | Inception NeXt | MobileViT-S | ConvNeXt V2 | ResNet-50 | Inception NeXt | MobileViT-S | ConvNeXt V2
Water 98.96 98.46 98.77 98.18 98.78 98.31 98.79 99.03
Barren 64.79 43.60 60.04 63.51 60.65 56.94 62.88 60.29
Urban 75.58 67.13 74.29 69.66 69.42 63.97 75.07 72.31
Croplands 41.98 29.22 33.29 41.84 35.91 32.37 47.95 23.91
Grassland 16.64 0.37 4.80 20.85 4.32 2.41 3.16 2.86
Savanna 14.62 12.18 20.03 22.13 8.25 16.88 23.78 9.11
Shrubland 45.43 34.66 40.69 45.85 45.51 44.69 44.27 46.67
Forest 78.82 61.98 64.34 66.44 72.87 66.09 61.92 13.41
MioU (%) 54.60 43.45 49.53 53.56 49.46 47.71 52.23 40.95
OA (%) 70.27 63.26 67.48 70.59 66.48 65.30 70.00 59.15
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Highlights

Introduces MUSCLE-Net with multi-resolution deep supervision in the
decoder

Enforces semantic consistency across scales to improve minority
class learning

Proposes an attention-enhanced decoder using CBAM without
residual addition

Re-injects auxiliary supervision features to guide early decoder
representations

Demonstrates consistent accuracy and stability gains on two
benchmark datasets
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