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Land Cover Classification for Remote Sensing Images
Based on MCM-Net
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Abstract A novel CNN-Mamba hybrid architecture was proposed to address intra-class variance and inter-class similarity in remote sensing imagery. The frame-
work integrates; (1) parallel CNN and visual state space (VSS) encoders, (2) multi-scale cross-attention feature fusion, and (3) a boundary-constrained decod-
er. This design overcomes CNN’s limited receptive fields and ViT’s quadratic complexity while efficiently capturing both local features and global dependencies. E-
valuations on LoveDA and ISPRS Vaihingen datasets demonstrate superior segmentation accuracy and boundary preservation compared to existing approaches, with

the dual-branch structure maintaining computational efficiency throughout the process.
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Semantic segmentation of high-resolution remote sensing im-
agery is challenged by intra-class variance and inter-class similari-
ty!' ). Conventional CNNs capture local patterns efficiently but
have a limited receptive field, while Transformer-style models cap-
ture global context at the cost of higher quadratic complexity'* ™"’
To address these issues, we proposed MCM-Net, which integrates
a CNN branch (local detail) and a VSS/Mamba branch ( global
context) and fuses them using MSCA. A boundary-aware decoder
further sharpens object contours. Experiments on LoveDA and
Vaihingen demonstrate state-of-the-art or competitive performance
with balanced accuracy across categories. Contributions; (1) A
CNN-VSS dual-branch network simultaneously extracts local de-
tails and global semantic features; (2) A Multi-Scale Spatial-
Channel Attention ( MSCA) fusion mechanism optimizes cross-
branch feature integration through dual spatial-channel attention;
and (3) Progressively decoding the output information from each
branch to restore resolution and performing weighted summation
(WS) for feature fusion. Notably, the MSCA mechanism signifi-
cantly enhances multi-scale feature representation via parallel pro-
cessing of spatial relationships and channel dependencies, enab-
ling precise segmentation of complex geographical objects. Experi-
mental results demonstrate the framework’s superior performance

across diverse remote sensing scenarios.

Materials and Methods

A dual-branch encoder integrates ResNet18 (local features)
and VSS (long-range dependencies) for remote sensing segmenta-
tion. The VSS branch employs patch embedding and a 2D Selec-
tive Scan ( SS2D) module that; (1) scans features along four
spatial directions, (2 ) dynamically weights multi-directional

information via Selective Scan Mechanism (S6), and (3)
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reconstructs 2D feature maps preserving both local-global contexts.

To address feature discrepancies between CNN-VSS branches
in remote sensing imagery, a Multi-Scale Spatial-Channel Atten-
tion (MSCA) module is proposed (Fig. 4). The module; (1)
concatenates ResNet (F1-F4) and VSS (G1-G4) features, (2)
performs channel compression and multi-scale fusion using parallel
convolutions (1 x1/3 x3/5 x5 kernels) , and (3) generates spa-
tial-channel attention maps through dual branches (3 x3 conv +
Sigmoid for spatial; 1 X 1 conv + Sigmoid for channel) to opti-
mize feature fusion.

In deep learning networks, the loss function plays a pivotal
role in precisely quantifying the discrepancy between predicted
values and ground truth, which directly reflects the robustness and
accuracy of the network model. To this end, this study employed
an integrated loss function that combines Binary Cross-Entropy
(BCE) loss, Dice loss, and boundary loss'®. The boundary loss
can be expressed as;

Ly, =1 —225/1% + smoolh/é1 (¥ +y7) +smooth,
where: N represents the total number of samples in the batch; y
denotes the predicted segmentation probability map; y indicates
the ground truth binary mask; and p is the exponential factor ( de-
fault p =2). A smoothing term ( default value = 1) is added to
prevent division by zero. The final model output is optimized

through a weighted combination of BCE loss and Dice loss:
1 X . .
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Results and Analysis
Datasets
To validate the model’s generalization across diverse scenarios,

two benchmark remote sensing datasets were utilized; the LoveDA
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Fig. 1 The overall architecture of MCM-Net
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dataset' ", covering urban-rural transitions in Chinese cities
(Nanjing, Changzhou, Wuhan) with 0. 3 m resolution imagery
and seven land-cover classes (e. g. , buildings, roads, agricultur-
al areas) , split into 2 522 training, 1 669 validation, and 1 796
test images, and the ISPRS Vaihingen dataset'®’ | featuring ultra-
high 9 cm resolution imagery from Germany with six classes
(e. g. , buildings, cars, trees), comprising 16 images divided in-
to a standard 3 : 1 training-test split. These datasets collectively
enable comprehensive evaluation under varying resolutions and
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geographic contexts.

Layer Norm
Linear
X

Fig. 2 The detailed architecture of VSS block

Experimental evaluation metrics

ResNetl8 served as the backbone, with experiments conduc-
ted on an RTX 4090 GPU (24GB) using Python 3. 10 and Py-
Torch 2. 1. 2. For fair comparison, MCM-Net was evaluated a-
gainst state-of-the-art models ( ABCNet, DeepLabV3 +, CMTF-
Net, UNetformer, RS3Mamba, CM-Net). On LoveDA, AdamW
(Ir=0.01, cosine annealing) and data augmentation ( random
scaling/flipping/rotation) were applied ( batch =4, epochs =
50). On Vaihingen, SGD (Ir =0. 01, momentum =0.9, weight
decay =5e-4, batch =16, epochs =50) was used. Performance
was measured via mloU and mF1.
Comparative experiments

Table 1 shows that our method achieves best mloU on Love-
DA, outperforming UNetformer by 2.93% and RS3Mamba by 1.
13% . While slightly weaker on barren/forest/farmland classes, it
excels in background/buildings/water, achieving overall SOTA
performance. Fig. 5’s visual comparison (red boxes) demonstrates
our model’s superior segmentation in complex areas, particularly at
urban-rural boundaries. The results validate our architecture’s en-
hanced feature extraction capability while maintaining balanced
performance across all categories.
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Fig. 3 The detailed architecture of SS2D

Table 1 Experimental results on the LoveDA urban dataset

Model Background Building Road Water Barren Forest Agriculture mloU
ABCNet 41.82 56.65 52.42 46.73 28.51 37.54 45.23 45.47
DeepLabV3 + 43.04 50.90 52.00 54.40 20.91 34.31 48.51 47.70
UNetformer 37.65 58.80 54.46 63.47 20.21 35.88 46.40 49.11
RS3Mamba 39.72 58.84 57.92 61.00 37.20 39.19 39.73 50.91
CM-Net 44.62 58.69 55.51 64.08 29.62 42.82 50.42 51.78
MCM-Net 45.23 59.93 53.22 66.21 27.53 37.67 41.40 52.04
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Fig. 5 Qualitative performance comparisons on the LoveDA Urban
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Fig. 6 Qualitative performance comparisons on the ISPRS Vaihaigen

Table 2 shows MCM-Net’s performance on Vaihingen, achie- 0.85% (mF1) and 1.66% (mloU), and RS3Mamba by 0.54%
ving 90.73% mF1 and 83.65% mloU, surpassing UNetformer by (mF1) and 1. 12% (mloU). Fig. 6’s red-boxed comparisons
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demonstrate MCM-Net’s superior boundary smoothness and object
integrity, particularly in complex urban scenes. These quantitative

and qualitative results confirm the model’s robust segmentation ca-

pability on high-resolution imagery.

Table 2 Experimental results on the ISPRS vaihingen dataset

Model Background Tmp. Surf Building Low. Veg Tree Car mF1 mloU
ABCNet ResNet18 84.84 91.29 65.42 82.14 72.51 87.39 78.15
DeepLabV3 + ResNet50 85.21 91.98 66.31 82.31 76.91 88.31 79.51
Unetformer ResNet18 85.41 92.11 65.46 82.55 80.21 89.88 81.99
RS3Mamba ResNet18 85.98 93.20 67.11 82.89 81.46 90.19 82.93
CM-Net ResNetl8 86.24 92.48 66.52 82.71 82.21 90. 11 83.01
MCM-Net ResNet18 86.37 93.12 67.23 83.11 82.71 90.73 83.65

Conclusions and Discussion

To address the complex challenges in remote sensing image
semantic segmentation, a dual-branch segmentation model based
on visual state space architecture was proposed in this study. The
MCM-Net framework employs two parallel branches to extract local
features ( detail preservation) and global contextual representations
(long-range dependencies) respectively. Experimental results on
LoveDA and Vaihingen benchmarks demonstrate that MCM-Net
outperforms state-of-the-art methods. This work provides a new
paradigm for fusing local processing and global reasoning in remote
sensing segmentation, with potential extensibility to other dense
prediction tasks.
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RCLA-PLE algorithm not only surpassed other multi-task models
but also significantly outperformed all single-task models. There-
fore, the RCLA-PLE model can effectively capture relationships
within data while better utilizing potential information in different
datasets to enhance predictive performance, establishing itself as
an efficient multi-task learning algorithm.
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