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Abstract 

Forest resources are among the most important ecosystems on the earth. The semantic segmentation 
and accurate positioning of ground objects in forest remote sensing (RS) imagery are crucial to the 
emergency treatment of forest natural disasters, especially forest fires. Currently, most existing 
methods for image semantic segmentation are built upon convolutional neural network (CNN). 
Nevertheless, these techniques face difficulties in directly accessing global contextual information 
and accurately detecting geometric transformations within the image’s target regions. This limitation 
stems from the inherent locality of convolution operations, which are restricted to processing data 
structured in Euclidean space and confined to square-shaped regions.Inspired by the Graph 
Convolution Network (GCN) with robust capabilities in processing irregular and complex targets, as 
well as Swin Transformers renowned for exceptional global context modeling, we present an 
innovative semantic segmentation framework for forest remote sensing imagery termed GSwin-
Unet. This framework embeds GCN model into Swin-Unet architecture, and for the first time apply 
the method of combining GCN and Transformer in the domain of forest RS imagery analysis. GSwin-
Unet features an innovative parallel dual-encoder architecture of GCN and Swin transformer. First, 
we integrate the Zero-DCE (Zero-Reference Deep Curve Estimation) algorithm into GSwin-Unet to 
enhance forest RS image feature representation. Second, a feature aggregation module (FAM) is 
proposed to bridge the dual encoders by fusing GCN-derived local aggregated features with Swin 
transformer-extracted features. Our study demonstrates that the GSwin-Unet significantly improves 
performance on the Forest Remote Sensing Dataset and exhibits good adaptability on GID dataset. 

Keywords: forest remote sensing; graph convolutional network (GCN); semantic segmentation; 
feature aggregation 
 

1. Introduction 

With the rapid advances in sensor and satellite remote sensing technologies, researchers can 
now readily obtain vast quantities of high-quality forest RS images, which not only reflect the status 
of forest ecological environments but also detect the natural disasters. Effectively filtering the 
information of interest and extracting knowledge from these images can offer robust support for the 
management of forest resource and the prevention and control of forest disasters such as fires, pests 
and diseases, and meteorological disasters. Semantic segmentation, a technique that classifies 
individual pixels in an image into distinct semantic classes, has garnered significant interest in the 
field of remote and computer vision. 

In recent years, the rapid advancement of deep learning has catalyzed significant proress in 
semantic image segmentation. In particular, convolutional neural networks (CNNs) with an encoder-
decoder architecture have played a vital role. For instance, the U-shaped network (UNet) [1] employs 
a decoder to capture spatial dependencies from corresponding encoding stages via skip connections. 
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In this context, Transformer exhibits unique advantages and has emerged as a predominant backbone 
architectures in semantic image segmentation, particularly in medical imaging applications [2–8]. The 
self-attention mechanism confers upon the model an enhanced capacity to capture long-range 
contextual dependencies, thereby demonstrating the distinct advantages in feature extraction and 
capturing global image features. For example, SegFormer [9] introduces a hierarchical Transformer 
architecture that facilitates the concurrent extraction of high-resolution shallow features and low-
resolution semantically rich features. Similarly, Swin-Unet employs a shifted-window Swin 
transformer as its contextual feature extraction encoder, paired with a symmetric decoder with Swin 
transformer backbone to progressively upsample feature maps. 

Forest remote sensing images typically have rich texture features and complex interlaced scenes, 
with various categories embedded within each other, lacking fixed geometric shapes and clear 
boundaries. The particularities of forest ground objects —such as low brightness, small scale, mutual 
occlusion, and high similarity—pose challenges to semantic segmentation for forest RS images, as 
illustrated in Figure 1. The low brightness in forest RS images, caused by shadow effects, results in 
lower contrast of ground objects, often leading to semantic ambiguity.  

   
(a) (b) (c) 

   
(d) (e) (f) 

Figure 1. Examples of the characteristics of Forest RS images. (a) (b) Water in the farmland has a similar 
appearance to “Farmland;” (c) Forest along the river has a similar appearance to water; (d) “Road” and “Bare 
land” have the same material; (e) “Road” is almost invisible in “Building;” and (f) Scattered bare land in the 
forest. 

CNNs demonstrate superiority in efficient local perception, however, they struggle to directly 
model contextual information and global semantic interactions due to the inherent locality of 
convolution operation [10]. Existing advanced networks [10–15] typically aggregate global 
information from locally extracted CNN features, rather than encoding global context directly. 
Consequently, this indirect paradigm hinders the acquisition of clear global scene information in RS 
images with complex backgrounds [16]. Transformer provides a completely new approach for 
modeling global relationships [17]. As the first pure Transformer-based encoder for semantic 
segmentation, SETR [18] abandons convolutional backbones and frames the task as a sequence-to-
sequence reconstruction problem. Its strong capability in global context modeling is especially useful 
for handling long-range dependencies in large-scale images. Mask2Former [19] adopts a mask 
attention mechanism to dynamically focus on key areas, with strong multitasking adaptability and 
outstanding performance in complex scene segmentation and video tracking. Swin transformer [20] 
achieves a balance between performance and efficiency by introducing a layered architecture and 
sliding window mechanism. TransUNet [10] integrates Transformers and CNNs architectures to 
synergistically capture global semantics and local details, showing superior performance in medical 
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image segmentation tasks including Computed Tomography (CT) and Magnetic Resonance Imaging 
(MRI) segmentation. Following the U-Net architectural paradigm, Cao et al. [4] introduced Swin-
Unet, which integrates Swin transformer’s hierarchical window attention mechanism with skip 
connections for multi-scale feature fusion. Swin-Unet has shown superior segmentation performance 
on medical imaging tasks compared to conventional CNN-based models and Transformer-
convolution hybrid approaches, particularly in modeling long-range spatial dependencies while 
maintaining computational efficiency. 

However, Transformer-based models rely on global contextual information to make decisions, 
which may neglect the importance of local details and easily cause small-scale features to be 
discarded [10]. Additionally, CNN and Transformer can only be applied to Euclidean spatial data 
and square regions and cannot capture the geometric variations in the target area of the imagery, 
resulting in poor capturing ability for the same type of objects with different shapes. In forest remote 
sensing, ground objects in forest with same semantic categories may have different sizes and shapes, 
while different categories may exhibit analogous material and spectral properties, thereby impeding 
accurate discrimination between them. Therefore, more hierarchical details and effective processing 
capabilities are needed to fuse global and local contextual features for semantic reasoning. 

In recent years, Graph Convolutional Networks (GCN) have emerged as a powerful paradigm 
for extracting local features (e.g., edges and textures) from irregular geometric objects by leveraging 
graph-structured data. As a deep learning framework, GCN performs convolution operations on 
graph nodes and their neighborhoods, enabling effective feature aggregation for tasks such as 
classification, clustering, and prediction. In 2019, Chen et al. [21] pioneered a multi-label image 
recognition approach that modeled label dependencies through graph structures, demonstrating the 
potential of GCN in semantic reasoning. Building on this, Jung et al. proposed SGCN [22], which 
integrated dual graph convolutions—spectral convolution with topology adaptiveness and spatial 
convolution with weighted node sampling—to capture node semantics in super-pixel graphs. This 
architectural innovation laid the groundwork for the Vision Graph Neural Network (VIG) [23], which 
has exhibited remarkable performance in processing complex scenes and irregularly shaped objects. 
While GCN-based models have achieved significant success in imagery recognition and object 
detection, their application in RS image segmentation remains underexplored.  

In this article, to address the inherent limitations of Transformer in local feature modeling and 
CNN in handling irregular geometric objects, we propose GSwin-Unet, a novel framework that 
integrates Graph Convolution into Swin-Unet [4] for forest RS imagery’s semantic segmentation. The 
architecture adopts a parallel dual-encoder design: Swin transformer serves as the principal encoder, 
while Graph Convolution acts as an auxiliary encoder to capture geometric irregularities. A 
dedicated Feature Aggregation Module (FAM) is introduced to establish a unidirectional auxiliary-
to-main encoder information propagation mechanism to enable effective feature fusion. This design 
synergizes the strengths of both modules, enhancing the segmentation of complex forest structures.  

The self-learning semantic segmentation form of spectral, texture, and shape features extracted 
from forest remote sensing images through intelligent algorithms is used to mine the information of 
land targets, thus providing a good foundation for accurately obtaining the basic ground features 
distribution of forest ecological area.  

2. Related Work 

2.1. Vision Transformer 

Initially proposed for machine translation [24], the standard Transformer architecture comprises 
three core components: multi-head self-attention (MSA), layer normalization (LN), and multilayer 
perceptron (MLP), as schematically shown in Figure 2. MSA is a critical component and enables the 
establishment of global dependencies between output- and input-sequences. 
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Figure 2. Schematic architecture of the standard transformer block [17]. 

In 2020, Dosovitskiy et al. proposed the Vision Transformer model [17], which introduced 
Transformer into the field of computer vision. This model quickly achieved high performance in 
object classification, semantic segmentation, and instance segmentation, addressing the limitations of 
Recurrent Neural Network(RNN)’s in parallel computing and CNN’s in effectively learning global 
feature information. Researchers have since proposed a series of advanced architectures derived from 
Vision Transformer, including Segmentation Transformer (SETR) [18], Swin-Transformer [20], Visual 
Pyramid Transformer (PVT) [25], TNT [26], and Swin-Unet [4]. These models have demonstrated 
outstanding performance in the area of vision, particularly in the field of medical imagery 
segmentation. 

SETR [18] pioneered the application of ViT to semantic segmentaion. The SETR model uses 
encoder with a pure Transformer architecture to replace CNN, altering the existing semantic 
segmentation model architecture. The multi-scale attention mechanism facilitates robust capture of 
long-range dependencies between distant structural regions, which is critical for semantic 
segmentation spanning the images. However, since transformers did not perform well in capturing 
low-level details and had computational complexity, many improvements were subsequently made. 
Wang et al.[25] integrated pyramid structure into ViT (PVT), mimicking CNN’s hierarchical design 
to generate multi-scale features. By strategically reducing sequence length via patch embedding 
layers, their approach dynamically adapts computational complexity while preserving feature 
granularity. Han et al. [26] proposed the TNT (Transformer-iN-Transformer) model, which 
effectively captures both local and global features through nested Transformer architecture, thereby 
generating richer representations. Yuan et al. [27] proposed a recursive token aggregation mechanism 
that progressively merges adjacent tokens to capture hierarchical local structures while reducing 
computational complexity through token count reduction.  

Although the models mentioned above improved the feature capture capability, their 
complexity remains quadratic with respect to image size, a property that directly impairs training 
and inference speed when processing large-scale datasets. To mitigate this limitation, Liu et al. [20] 
developed the Swin transformer, a groundbreaking architecture that employs a shifted window 
strategy to confine multi-head self-attention (MSA) within local windows while enabling cross-
window communication. This approach yields linear computational complexity relative to input size 
and achieves advanced performance across vision tasks such as image classification, object detection, 
and semantic segmentation. The Swin transformer replaces standard MSA with Window-based MSA 
(W-MSA) and Shifted Window-based MSA (SW-MSA) mechanisms, as illustrated in Figure 3. Wang 
et al. [28] enhanced PVT by introducing a linear-complexity attention mechanism and overlapping 
patch embedding, which reduced computational complexity from quadratic to linear while 
maintaining superior performance on fundamental vision tasks. Cao et al. [4] developed specialized 
U-shaped encoder-decoder architectures based on Swin transformer, optimized for precise 
segmentation tasks. Lin et al. [29] implemented a dual-encoder framework using Swin transformers 
with dual image scales to extract multi-semantic features.  

In addition, hybrid ViT-Based architectures that harness the synergistic strengths of both ViTs 
and CNN have demonstrated superior performance across diverse downstream tasks. Chen et al. [10] 
first combined the global context modeling capability of ViT with the local discriminative feature 
preservation mechanism of U-Net (TransUnet), and achieved collaborative optimization of long-
range dependencies and spatial details in medical imagery segmentation through an encoder decoder 
architecture. Zhang et al. [30] introduced a multi-scale cross modal Transformer architecture 
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(TransFuse), which achieves feature-level fusion of camera and LiDAR data through dynamic 
attention mechanism, addressing the challenge of information alignment between heterogeneous 
sensors in autonomous driving scenarios. Khan et al. [31] proposed MaxViT-Unet, a hybrid vision 
transformer leveraging multi-axis self-attention to enhance medical image segmentation by 
integrating global context with local inductive biases. The model outperforms pure Transformers on 
small-object segmentation tasks like Monuseg18, demonstrating the effectiveness of hybrid 
architectures in medical imaging. 

 
Figure 3. Two consecutive Swin transformer blocks [20]. 

2.2. Vision GCN 

Graph convolution is a deep learning method used for graph data, capable of handling complex 
data in irregular geometric spaces and spectrum bands of different quantities and configurations. 
Spatial-based GCN defines convolution operations on the spatial neighborhood of nodes and 
aggregates the features of neighboring nodes through convolution operations. Spectral-based GCN, 
on the other hand, is based on graph signal processing and spectral theory. It treats graph convolution 
as filtering of signals and defines convolution operations using the eigenvalues and their 
corresponding eigenvectors of the Laplacian matrix (which contains the topological structure of the 
nodes). Convolution operation is defined as transforming feature vectors and then inverting them 
back into the original space. This transformation utilizes the spectral information of feature vectors 
to capture the global and local structures of nodes in the graph. 

In traditional convolutional neural networks, convolution operations are defined in Euclidean 
space and can only be applied to square regions, unable to capture geometric changes in the target 
area of the image. Therefore, GCNs are introduced into image processing to adapt to these changes 
and process complex data in irregular geometric spaces. Kipf et.al. [32] first proposed GCN, applying 
Convolutional Networks commonly used in the field of deep learning for images to graph data and 
enabling convolution operations to process complex data in irregular geometric spaces. 
Subsequently, GCN has achieved good results in pixel level image processing tasks [33–43]. Chen et 
al. [42] combined traditional convolutional neural network SegNet, attention mechanism, and graph 
convolution structure to construct SE-SegGCN semantic segmentation network, which improved the 
neural network’s receptive field and avoided the loss of local position information. Han et al. 
proposed ViG [23], a novel backbone network that represents images as graph-structured data, 
enabling Graph Neural Networks (GNNs) to tackle three classic Computer Vision tasks: semantic 
segmentation, image classification, and object detection. Validated through extensive experiments, 
ViG demonstrates performance on par with or superior to CNN, Transformer, and MLP 
architectures. GCN has also demonstrated superior performance within remote sensing image 
processing, with some outstanding models emerging such as AGCN [43], CNN-Enhanced-GCN [44], 
SCG-Net [45], OBIC-GCN [46], MSSG-UNet[47], KGGCN[48], MSCG-Net[49], KSPGAT[50], etc. 

Building upon these seminal studies, we leverage an auxiliary encoder incorporating the VIG 
block to furnish local features to the Transformer-based main encoder. To the best of our knowledge, 
the proposed GSwin-Unet is the first to apply the VIG to the Forest RS image segmentation task. This 
approach addresses the limitations of pure Transformer and CNNs and improves the segmentation 
accuracy. 
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3. Materials and Method 

3.1. Materials 

3.1.1. Forest Dataset 

The forest dataset is based on the existing publicly available Sentinel-2 remote sensing image 
data source. Sentinel-2A/B satellites feature a high-resolution multispectral imaging system, utilizing 
a Multi Spectral Imager (MSI) to support land environmental monitoring. These satellites deliver 
remote sensiing data for diverse land cover types, including vegetation, water bodies, soil, coastal 
regions, and inland waterways. This is of great significance for improving agricultural and forestry 
planting, biomass inversion, and monitoring of geological disasters. This article selects 17 cloud-free 
or low-cloud remote sensing images of national forest parks, forests, and surrounding areas in central 
and western Chinese cities such as Hunan, Hubei, Guangxi, and Sichuan from January 2024 to 
February 2025 as the foundational data for creating a forest land classification dataset. The dataset 
has patches of the same size (7840×7840) which are representative region cropped from the original 
image with size of 10980×10980, and two channel combinations, specifically, IR-R-G and R-G-B, 
which are all extracted from the 10-meter resolution spectral bands (B2, B3, B4 and B8). The dataset 
is annotated with six categories for semantic segmentation research: forest, agricultural land, 
buildings, water, bare land, and road. A total of 30 images of R-G-B and NIR-G-B were selected, with 
8 of them used for testing and the remaining 22 for training. All the images were cropped to 224×224.  

3.1.2. GID Dataset 

To explore the adaptability of the improved network model, experiments were performed using 
the publicly available GID (Gaofen Image Dataset). This dataset, specifically designed for land use 
and land cover classification, comprises 150 Gaofen-2 satellite images covering 60 Chinese cities. Each 
image has a size of 6908×7300 pixels with a ground sampling distance (GSD) of approximately 0.8 
meters. This collection encompasses a total geographic coverage exceeding 50,000 square kilometers, 
and the images in the GID dataset have low inter-class separability and high intra-class diversity. 
GID annotated six types of land use: farmland, forest land, buildings, water bodies, grasslands, and 
others. Thirty images with high forest coverage were selected, with 22 for model training and 8 for 
validation. These original imagery was cropped to 224×224. 

3.2. Method 

3.2.1. Network Structure 

The GSwin-Unet network adopts a dual encoder structure for feature encoding of input patches. 
The main encoder is based on a pure Transformer model. It utilizes a layered Swin transformer with 
offset windows to extract contextual features. The auxiliary encoder consists of the Grapher and FFN 
module of the VIG model. The Grapher module uses graph convolution to aggregate neighbor node 
information and update feature representations, while the FFN module uses two linear layers to 
transform node features. Grapher module embeds the extracted local features into the main encoder 
through the Feature Aggregation Model (FAM) to improve the precision of segmenting small-scale 
and dense objects in forest remote sensing imagery. 

Given a forest remote sensing image 𝑋 ∈ 𝑅ு×ௐ×ଷ (with 𝐻 × 𝑊 as spatial resolution and 3 for 
RGB bands), Zero-DCE module first adjusts image brightness and enhances ground object contrast 
by performing convolutional filtering without changing the thematic content. Then, ViG and ViT 
divide the image into non-overlapping patches, which serve as analogs to the “nodes” of graph and 
the “tokens” of sequence data. Next, the linear embedding layer flattens the spatial structure of these 
patches and then projects them into a unified feature space of dimension C through a learnable 
transformation. After this step, the patch tokens and nodes are fed into the main encoder (composed 
of Swin transformer blocks) and auxiliary encoder stacked by ViG blocks. Both the main and auxiliary 
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encoders have three feature extraction layers, and the output of each layer is respectively represented 
as Sn and Gn (n=1, 2, 3). The Swin transformer block comprises two processing steps: shifted W-Trans 
(SW-Trans) and window-based transformer. The ViG block consists of two parts: GCN (graph 
convolution network) and FFN (feed forward network). The output resolution of lay n in both the 
main and auxiliary encoder is (𝐻 (2௡ାଵሻ) × (𝑊 (2௡ାଵ)⁄ )⁄   and the dimensions are 2௡ିଵ𝐶 . At each 
stage, Sn and Gn are fed into the FAM, and the fusion result is returned to the main encoder. The FAM 
module establishes the connection between the main and auxiliary encoders through channel 
attention mechanism and the deformable convolution. 

After the above three coding stages, we obtain the feature Fϵ𝑅(ு ଷଶ⁄ )×(ௐ ଷଶ⁄ )×଼஼, which is fed into 
the bottleneck layer to solve the convergence. In general, achieving convergence is difficult because 
the Transformer is too deep. Herein the bottleneck layer uses two consecutive Swin transformer 
blocks to further process the high-level semantic features from the encoder, while preserving the 
spatial resolution and channel dimensionality of the bottleneck layer. 

The decoder uses a symmetric Transformer-based structure integrating Swin blocks and Patch 
extension layers. Compared to the patch merge layer, the patch extension layer is specifically 
designed for up-sampling to restore the spatial resolution of feature maps and reduce feature 
dimensions. It reshapes adjacent dimension feature maps into larger feature maps, achieving a 
resolution of 2× up-sampling. In the last patch extension layer, 4× up-sampling is performed to 
recover the spatial dimensions of the feature map to match those of the input image (W × H). In 
addition, contextual features derived from decoder-based up-sampling are concatenated with multi-
scale encoder features via skip connections, mitigating spatial information loss incurred during 
down-sampling. Finally, a linear projection layer is employed to generate pixel-level segmentation 
predictions from these upscaled features. 

The Architecture of GSwin-Unet is shown in Figure 4. 

 

Figure 4. Architecture of GSwin-Unet. 
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3.2.2. Swin Transformer Block 

As mentioned in Section 2.1, the output sl of layer l in the standard transformer block can be 
described as follows: 

             𝑠̂௟ = 𝑀𝑆𝐴(𝐿𝑁(𝑠௟ିଵ) + 𝑠௟ିଵ),              (1)[] 

          𝑠௟ = 𝑀𝐿𝑃 ቀ𝐿𝑁൫𝑆መ௟൯ቁ + 𝑠̂௟                (2)[] 

Standard MSA computes global attention across all tokens, resulting in quadratic computational 
complexity relative to token count. This limitation restricts its applicability in dense prediction tasks 
and high-resolution image processing. To address this, the Swin transformer introduces Window-
based Multi-head Self-Attention (W-MSA) with two partitioning schemes: regular window 
partitioning (W-MSA) and Shifted window partitioning (SW-MSA). Both configurations constrain 
self-attention to separate local windows of 𝐷 × 𝐷  patches, but neglect cross-window token 
interactions. As illustrated in Figure 3, sequential Swin transformer blocks alternate between W-MSA 
and SW-MSA operations to establish inter-window connections.  

W-MSA is represented as  

     𝑠̂௟ = 𝑊 −𝑀𝑆𝐴(𝐿𝑁(𝑠௟ିଵ) + 𝑠௟ିଵ)           (3)[] 

        𝑠௟ = 𝑀𝐿𝑃൫𝐿𝑁(𝑠̂௟)൯ + 𝑠̂௟                (4)[] 
SW-MSA is represented as  

        𝑠̂௟ାଵ = 𝑆𝑊 −𝑀𝑆𝐴(𝐿𝑁(𝑠௟) + 𝑠௟)            (5)[] 

         𝑠௟ାଵ = 𝑀𝐿𝑃൫𝐿𝑁(𝑠̂௟ାଵ)൯ + 𝑠̂௟ାଵ             (6)[] 
Here 𝑠௟ and 𝑠௟ାଵ represent the output feature of the l-th W-Trans block and the subsequent 

SW-Trans block, respectively. 

3.2.3. VIG Block  

The VIG block comprises two components: a Graph Convolution Network (Grapher) and a 
Feedforward Neural Network (FFN) (see Figure 5). The Grapher processes graph data by aggregating 
features from adjacent nodes through multi-head graph convolutions (Equation 7), where each head 
updates node features with different weights and concatenates outputs for diversified representation. 
Before convolution, a linear layer projects features into a unified domain to facilitate cross-head 
fusion, followed by nonlinear activation (Equation 8) to prevent layer collapse. The FFN, composed 
of multi-layer perceptron (MLP) layers, further transforms features while mitigating over-smoothing. 
Batch normalization is applied after each layer for stable training. 𝑥௜ᇱ = [ℎ𝑒𝑎𝑑ଵ𝑊௨௣ௗ௔௧௘ଵ ,ℎ𝑒𝑎𝑑ଶ𝑊௨௣ௗ௔௧௘ଶ ,⋯ ,ℎ𝑒𝑎𝑑௛𝑊௨௣ௗ௔௧௘௛ , ]  (7) 

In the equation, 𝑥௜ᇱ  denotes the updated feature vector, ℎ𝑒𝑎𝑑௞  the k-th independent graph 
convolution head, and 𝑊௨௣ௗ௔௧௘௞  the update weight matrix of the k-th head. Y = σ൫GraphConv(XW୧୬)൯W୭୳୲ + X    (8)[] 

Within the equation, 𝑌 ∈ 𝑅ே×஽，W୧୬ and W୭୳୲ denote the weights matrices of fully connected 
layers，σ represents the activation functions（such as ReLU and GeLU）, and ignore biases. 

The graph convolution operation is shown in Equation 9. 𝐺 ‘ = 𝐹(𝐺,𝑊) = 𝑈𝑝𝑑𝑎𝑡𝑒൫𝐴𝑔𝑔𝑟𝑒𝑔𝑎𝑡𝑒൫𝐺,𝑊௔௚௚൯,𝑊௨௣ௗ௔௧௘൯ (9)   
Within the equation, 𝑊௔௚௚  is the learnable aggregate weight and 𝑊௨௣ௗ௔௧௘  is the learnable 

update weight. In the aggregation operations, the node features are calculated by aggregating the 
features of adjacent nodes, which are further fused by update operating process. 
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Figure 5. VIG Block [23]. 

3.2.4. Zero-Dice Model 

Zero-DCE [51] is a real-time low light enhancement strategy that does not require reference data. 
The model automatically determines whether an image has “reasonable brightness” based on certain 
properties of the image itself, and adjusts the image through a brightness mapping curve fitted by 
deep learning. The entire calculation process is differentiable and can be easily optimized using 
gradient descent to achieve extremely fast inference speed. The model comprises three important 
components: illumination enhancement curve (LE Curve), parameter estimation network (DCE Net), 
and Non-reference loss function. 

（1）Illumination Enhancement Curve (LE-Curve) 
LE-Curve automatically maps a low light image to a normal light curve and its parameters for 

enhancement depend on the brightness of input images. It uses an iterative approach to perform High 
Order Curve enhancement and Pixel-wise Curve enhancement, and can be expressed as 𝐿𝐸௡(𝑥) = 𝐿𝐸௡ିଵ(𝑥) + 𝐴௡(𝑥)𝐿𝐸௡ିଵ(𝑥)൫1 − 𝐿𝐸௡ିଵ(𝑥)൯ (10)[] 
where n represents iteration count, 𝐴௡ represents the curve parameters at each pixel position，and 

the formula of  is as follows： 𝐿𝐸(𝐼(𝑥),𝛼) = ቀ𝐼(𝑥) + 𝛼𝐼(𝑥)൫1 − 𝐼(𝑥)൯ቁ      (11)[] 

where x represents the pixel coordinate and 𝐿𝐸(𝐼(𝑥),𝛼) is an enhanced version of the given input 

 . The trainable curve parameters α ∈ [−1,1]  adjust the size of the LE curve and control the 
exposure level. Each input pixel is normalized to the range of [0,1], and all operations are carried out 
pixel by pixel (each color channel has a separate curve). 

(2) Parameter estimation network（DCE-Net） 
DCE-Net consists of stacked convolutions and activation functions, with skip connection layer 

used to reuse shallow features. It ultimately outputs parameter maps with domain values between [-
1,1] through Tanh activation functions.  

The network structure of DCE-Net is shown in Figure 6. 

 

Figure 6. The architecture of DCE-Net [72]. 

( )xLEn

( )xI
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The backbone network of DCE-Net consists of seven convolution layers with symmetric skip 
connections. The first six convolution layers use Relu activation functions, while the seventh layer 
employs a tanh activation function. ALL convolutional layers feature a 3×3 kernel size and a stride of 1. 

（3）Non-reference loss function 
The loss function is the key to reference-free learning. Zero-DCE utilizes the optimization 

process through color consistency loss, spatial consistency loss, illumination smoothing loss , and 
exposure control loss function. This ensures that the generated images have good brightness and are 
closer to the original image. 

-Spatial Consistency Loss ensure gradient consistency across adjacent regions of the input 
and its enhanced image (see equation 12). 𝐿௦௣௔ = ଵ௄ ∑ ∑ ൫ห𝑌௜ − 𝑌௝ห − ห𝐼௜ − 𝐼௝ห൯ଶ௝ఢஐ(௜)௄௜ୀଵ         (12)[] 

where K denotes the number of local areas, Ω(𝑖) the four neighboring areas (left, right, top, bottom) 
centered around area i, Y the mean value of the corresponding region in the enhanced image, and I 
the mean intensity value of the same region in the input version. 

-Exposure Control Loss optimizes exposure by measuring local intensity deviations from 
the target level (E=0.6) (see equation 13). 𝐿௘௫௣ = ଵெ∑ |𝑌௞ − 𝐸|ெ௞ୀଵ               (13) 

where M denotes the count of non-overlapping 16×16 local regions, Y the mean intensity value of a 
local region in the enhance image. 

-Color Constancy Loss measures deviations between RGB channels to ensure color balance 
(see equation 14). 𝐿௖௢௟ = ∑ (𝐽௣ − 𝐽௤)ଶ, 𝜀𝜖ሼ(𝑅,𝐺), (𝑅,𝐵), (𝐺,𝐵)ሽ∀(௣,௤)∈ఌ    (14)[] 

where and  represent the mean intensity value of the p and q channels in the enhanced image 
respectively, (𝑝, 𝑞) a pair of color channels. 

-Illumination Smoothness Loss ensures smoothness by maintaining pixel monotonicity (see 
equation 15). 𝐿௧௩஺ = ଵே ∑ ∑ ൫|∇௫𝐴௡௖ | + ห∇௬𝐴௡௖ ห൯ଶ, 𝜉 = ሼ𝑅,𝐺,𝐵ሽ௖ఢకே௡ୀଵ     (15) 

where N is iterations count，∇௫ horizontal gradient，∇௬ vertical gradient, A network output for all 
channels and iterations.  

With the  𝐿௦௣௔ , 𝐿௘௫௣, 𝐿௖௢௟ , and 𝐿௧௩஺  determined, the total variation loss can be calculated, as 
shown in Equation 16. 𝐿௧௢௧௔௟ = 𝐿௦௣௔ + 𝐿௘௫௣ + 𝑊௖௢௟𝐿௖௢௟ + 𝑊௧௩஺𝐿௧௩஺     (16)[] 

Here, the weights 𝑊௖௢௟  and 𝑊௧௩஺  serve to balance the contributions of the respective loss 
components. 

3.2.5. Feature Aggregation Model 

In forest remote sensing images, different ground objects are interwoven, and remote sensing 
features exhibit complex correlations. At the same time, agricultural land, forest and water have 
similar distribution patterns in different channels, which can lead to potential problems such as 
misclassification and unclear boundaries in classification results. In the GSwin-Unet network, the 
Transformer based main encoder effectively captures global spatial feature representation but 
exhibits limitations in modeling inter-channel relationships. Some methods have shown that 
encoding channel dimension dependencies can enhance the discriminative capability of features 
[20,23]. Therefore, we propose the Feature Aggregation Module (FAM), which serves as a bridge 

paLs

expL

colL

pJ qJ

tvAL
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between the main and auxiliary encoders. The FAM extracts channel dependencies, emphasizing 
important and representative channels from the global features of the main encoder through channel 
attention mechanism, and integrates into them local features of irregular geometric image regions 
obtained from the auxiliary encoder. 

Through the FAM, more globally discriminative and locally refined features can be extracted to 
enhance the discrimination accuracy of similar objects and irregular geometric image regions in forest 
remote sensing imagery. The detailed architecture of FAM is illustrated in Figure 7, where Sn and Gn 
represent the nth stage outputs of main encoder and auxiliary encoder, respectively. The output Gn 
from the auxiliary encoder is processed through the convolutional layer for dimension adjustment, 
resulting in the derived features 𝐺𝑛′ , as shown in Equation 17. 𝐺௡ᇱ = φ(𝐺௡)                   (17) 
where φ represents a 1×1 convolutional layer. 

 

Figure 7. Working mechanism of feature aggregation module. ⊗  stands for matrix multiplication and ⊕ 
stands for element-level addition. 

The output Sn of the main encoder is sent to the pooling layer to computer channel-wise 
statistical features. Considering each feature map channel as an independent feature detector [52], 
channel dependencies primarily capture the “meaningful content” of the image [53]. To enhance 
channel relationship modeling, we implement a combined pooling approach. Sn is simultaneously 
processed through a max-pooling layer and a soft-pooling layer with exponential weights. The 
statistical features and global weights output by the pooling layer are input into a shared fully 
connected layer, whose outputs are 𝑃ெ and 𝑃ௌ, respectively. The calculation process is shown in the 
equations (18) and (19). 𝑃ெ = 𝜎 ቀ𝑆ଵ൫𝑀𝑎𝑥𝑃𝑜𝑜𝑙(𝑆௡ᇱ )൯ቁ          (18) 𝑃ௌ = 𝜎 ቀ𝑆ଵ൫𝑆𝑜𝑓𝑡𝑃𝑜𝑜𝑙(𝑆௡ᇱ )൯ቁ          (19) 
where 𝜎 is the ReLu function, 𝑆ଵ fully connected layers whose size is reduced to mitigate the high 
computational load, 𝑀𝑎𝑥𝑃𝑜𝑜𝑙 the maximum pooling operation, and 𝑆𝑜𝑓𝑡𝑃𝑜𝑜𝑙 a weighted pooling 
operation. 

The feature representation of each channel can be optimized by multiplying 𝑃ெ  and 𝑃ௌ , as 
shown in the equation (20): P = δ൫$ଶ(𝑃ெ⨂𝑃ௌ)൯                (20) 
where δ represents the sigmoid function，$ଶ the fully connected layer with increased size, and ⨂ 
element level multiplication. 

The FAM module multiplies the channel dependency calculation result P as a weight with the 
output result 𝐺௡ᇱ  of the auxiliary encoder convolution change to obtain refined features, which are 
connected to the residual structure to form the output features 𝑀௡ of FAM, as shown in equation 
(21). 𝑀௡ = 𝐺௡ᇱ⨁𝑆௡ᇱ⨁(𝑃⨂𝐺௡ᇱ )            (21) 
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4. Experiments 

4.1. Implementation Details 

4.1.1. Training Setting 

Our implementation is based on Python 3.8, PyTorch 2.2, and CUDA 11.8. The model was 
trained using the SGD optimizer with a weight decay of 1e-4 and a momentum item of 0.9. In 
addition, we adopted the “Poly” decay strategy with an initial learning rate of 0.01. All experiments 
were conducted on an NVIDIA GeForce RTX 3080 16GB GPU with 16GB memory, using a batch size 
of 8 and a maximum of 110 training epochs.  

4.1.2. Loss Function 

The Forest and GID datasets demonstrate significant class imbalance, where certain categories 
are underrepresented, leading the model to disproportionately focus on the majority classes during 
training. To mitigate this issue, we propose a dual-loss supervision strategy: the first loss function 
(L1) jointly combines dice loss [54]and cross-entropy [1] (Equation 22), while the second loss function 
(L2) integrates dice loss with focal loss [55] (Equation 23). This approach aims to improve the model’s 
performance on minority classes by addressing the imbalance data distribution. L1 = 0.4𝐿஼ா + 0.6𝐿஽௜௖௘            (22) L2 = 0.6𝐿஽௜௖௘ + 0.4𝐿ி௢௖௔௟           (23) 

4.1.3. Evaluation Index 

To comprehensively assess the model’s performance, we employed average F1 score (Ave. F1) 
and the mean Intersection over Union (MIoU). Both metrics are derived from the confusion matrix 
and contain four items: true negative (TN), false negative (FN), true positive (TP), and false positive 
(FP). The F1 score of each category was calculated as follows: F1 = 2 × ௣௥௘௖௜௦௜௢௡×௥௘௖௔௟௟௣௥௘௖௜௦௜௢௡ା௥௘௖௔௟௟               (24) 

where precision is TP/(TP+FP) and recall is TP/(TP+FN). 
For each category, IoU metric is formally defined as the ratio  between the intersection area and 

union area of the predicted segmentation and ground truth, as mathematically expressed in equation 
25. IoU = ்௉்௉ାி௉ାிே                 (25) 

Furthermore, Ave.F1 score and the MIoU are the average of F1 and IoU from all categories 
respectively. 

The greater the IOU and F1 indices, the greater the overlap between the predicted area and the 
true annotated area, and the better the positioning or segmentation accuracy of the model. The greater 
the F1 score, the stronger the overall performance of the model in segmentation tasks, especially in 
scenarios where data is imbalanced and there is a need to balance the risks of false negatives and false 
positives. 

4.1.4. Network Structure Parameter Settings 

In the domain of computer vision，commonly used Transformers typically have isotropic 
structures (such as ViT and ResMLP), where the size of the model block’s features remains 
unchanged from start to finish. The feature map of the pyramid structure model gradually becomes 
smaller as the network deepens, and has been proven to be an effective performance improvement 
method by many visual transformers such as Swin [20], PVT v2[28], etc. In the experiments, both the 
main and auxiliary encoder in GSwin-Unet model adopted pyramid structure, and the model 
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network architecture parameters are summarized in Table 1. The hidden layer dimension C was 
configured to 96,  and the window size of the Swin transformer blocks was configured to 7 × 7. 

Table 1. Network structure parameter settings. 

Stage PyramidViG-Ti Output size Swin-transformer Output size 

   Patch Partition 
𝐻4 × 𝑊4 × 48 

Stem Conv × C 𝐻4 × 𝑊4 × C Linear Embedding 
𝐻4 × 𝑊4 × 48 

Stage 1 ൥𝐷 = 48𝐸 = 4𝐾 = 9 ൩ × 2 * 𝐻4 × 𝑊4 × C 
Swin-transformer 
Block×2 

𝐻4 × 𝑊4 × C 

Down 
sample 

Conv × 2C 𝐻8 × 𝑊8 × 2C Patch Merging 
𝐻8 × 𝑊8 × 2C 

Stage 2 ൥𝐷 = 96𝐸 = 4𝐾 = 9 ൩ × 2 
𝐻8 × 𝑊8 × 2C 

 

Swin-transformer 
Block×2 

𝐻8 × 𝑊8 × 2C 

Down 
sample 

Conv × 4C 
𝐻16 × 𝑊16 × 4C Patch Merging 

𝐻16 × 𝑊16 × 4C 

Stage 3 ൥𝐷 = 240𝐸 = 4𝐾 = 9 ൩ × 6 𝐻16 × 𝑊16 × 4C 
Swin-transformer 
Block×2 

𝐻16 × 𝑊16 × 4C 

* D: Feature dimension (size); E: Ratio of hidden dimensions in FFN; K: Neighbors in GCN (Receptive field); 
H×W: Input image size. 

4.2. Ablation Study 

To assess the proposed network architecture’s performance, FAM modules, Zero-Dice modules, 
and loss function, we applied Swin-Unet as the baseline network to perform ablation experiments on 
the RGB Forest dataset. In GSwin-Unet, the main encoder employed Swin, complemented by a 
Pyramid VIG-Tiny  auxiliary encoder with a hidden size of 48, 9ⅹ9 receptive fields, and a {2, 2, 6} 
layer configuration. 

5. Results  

5.1. Effect of Dual Encoder Structure  

The results of the dual encoder structure are presented in the second row of Table 2. It 
demonstrates that the dual-encoder structure significantly enhances Swin-Unet segmentation 
performance through GCN integration. Through element-wise summation of main and auxiliary 
encoder features at each encoding stage, the semantic segmentation model increases the MIoU by 
5.48% compared with baseline. It shows that hierarchically cascaded dual-encoders architecture can 
extract richer features conductive to semantic prediction, hereafter GSwinU for short. 

Table 2. Ablation Experiment of the Proposed Modules using the RGB Forest Dataset. 

Model Name 
IoU (%) Evaluation index 

Forest 
agricultural 

land 
Water Building 

Bare 
land 

Road 
MIoU 

(%) 
Ave.F1 (%) 

Swin-Unet 67.23 70.63 67.26 66.67 62.83 62.50 66.19 79.62 
Swin-Unet+GCN+L1 67.23 76.03 66.95 74.14 75.65 70.00 71.67 80.43 

Swin-
Unet+GCN+FAM+L1 70.09 76.27 72.07 75.63 74.79 74.53 73.90 84.80 

Swin-
Unet+GCN+FAM+ZD+L1 70.34 77.59 72.07 75.63 76.07 74.77 74.41 85.30 
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Swin-
Unet+GCN+FAM+ZD+L2 73.04 78.63 68.64 76.47 78.26 75.70 75.13 85.96 

5.2. Effect of Feature Aggregation Module  

Table 2 also illustrates that the segmentation results increase by 2.23% for MIoU and 4.37% for 
Ave.F1 when the FAM was incorporated into the GSwinU framework. In particular, the ‘Water’ 
category exhibits the most significant segmentation accuracy improvement (+5.12% IoU), followed 
by ‘Road’ (+4.53%) and ‘Forest’ (+2.56%). Visual segmentation comparisons in Figure 8 further 
demonstrate these enhancements. In row 1, segmentation errors induced by skylight interference and 
illumination variations in forested areas are effectively mitigated through RAM implementation. In 
rows 2-3, road adjacent to the buildings, which is very similar to the “Building” category,  and water 
surrounding agricultural land which is very similar to the “Agricultural land”, are still distinguished 
after using FAM. This demonstrates that FAM-enhanced local feature embedding improves 
segmentation accuracy for objects with high similarity. 

    

    

    
Image GT (a) (b) 

Figure 8. Segmentation performance comparison: (a) GSwinU. (b) GSwinU+FAM. 

5.3. Effect of Zero-Dice Module  

As shown in the fourth row of Table 2, after using ZD, the model achieves improvements 0.51% 
in MIoU and 0.5% in Ave.F1, verifying the effectiveness of ZD in our network. The low brightness 
and contrast in forest RS images increase the difficulty of feature extraction. After using ZD, the 
model’s performance increases by 1.32% in “Agricultural land” category, 1.28% in the “Bare land” 
category, 0.25% in the “Forest” category, and 0.24% in “Road”. As shown in row 1 of Figure 9, the 
darkness of the image blurs the texture features of the forest, causing the model to fail to judge the 
boundary of bare land in the forest and mistakenly recognize the bare land as forest. In the row 2, the 
visual similarity between ‘Forest’ and ‘Water’ categories—where water bodies are embedded within 
forested regions—poses inter-class discrimination challenges for the model. Figure 9(b) show that 
Zero-Dice (ZD) integration increases the distinction among objects with analogous features. 
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Image GT (a) (b) 

Figure 9. Zero-Dice (ZD) Module Efficacy: (a) GSwinU+FAM. (b) GSwinU+FAM+ZD. 

5.4. Effect of Loss Functions  

Ablation studies on loss funtion efficacy were performed using the RGB forest dataset, with 
Figure 10 quantitatively demonstrating the results. Compared to L1 loss (CE+DICE), L2 loss 
(Dice+Focal) improves the segmentation result of “Forest” and “Bare land”, leading to an overall 
MIoU improvement of 0.66%. 

 
Figure 10. Segmentation performance comparison across Loss-Functions. 

5.5. Comparison with Other Methods 

We compared the proposed GSwin-Unet against several established segmentation methods: 
TransUNet [10], Swin-Unet [4], UNet [1], and Deeplab V3+ [56]. The first two methods leverage 
transformer architecture, while the latter two employ traditional CNN. Specifically, Swin-Unet 
implements a U-Net framework constructed with Swin transformer blocks, TransUnet employs a 
serial hybrid architecture integrating transformer and CNN modules, whereas our GSwin-Unet 
adopts a parallel mode of GCN and Swin transformer. 

UNet, Deeplab V3+, and TransUnet employ ResNet50 (non-pretrained) as their backbone, Swin-
Unet and GSwin-Unet utilizes Swin-Tiny (non-pretrained) for their main encoders, while GSwin-
Unet use Pyramid ViG-Tiny as the auxiliary encoder. 

5.5.1. Results on RGB Forest Dataset  

We validated the effectiveness of the proposed GSwin-UNet on two forest datasets with different 
bands combinations. The numerical results of each semantic segmentation method on RGB Forest 
dataset are listed in Table 3. Our GSwin-UNet achieves 75.13% in MIoU and 83.92% in Ave.F1, 
outperforming other methods. Deeplab V3+ with atrous spatial pyramid pooling module captures 
global context through expanding receptive field, and experimental data demonstrate that Deeplab 
V3+ with dilated convolution is inferior to GSwin-UNet in global context modeling. Unet achieves 

60.00
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Forest Cultivated land Water Building Bare land Road MIoUIo
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Effect of Loss Functions
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slightly better segmentation results than DeepLab V3+ by continuously integrating low-level spatial 
features via skip connections. GSwin-Unet surpasses UNet with 5.12% MIoU and 1.72% Ave.F1 
improvements. Compared to DeepLab V3+ and UNet, Swin-Unet delivers unsatisfactory 
performance despite utilizing a pure Swin Transformer backbone. Stacking Swin Transformer blocks 
proves insufficient for Forest RS images, even with excellent global modeling capability. TransUNet 
sequentially combines transformer and convolutional layers, achieving 6.25% MIoU gain over Swin-
Unet. GSwin-Unet outperforms TransUNet with 2.69% MIoU and 3.69% Ave.F1 improvements, 
validating the efficacy of integrating GCN with Swin Transformer. 

Table 3. Segmentation Results on the RGB Forest Dataset. 

Model Name 
IoU (%) Evaluation index 

Forest agricultural 
land 

Water Building Bare 
land 

Road MIoU 
(%) 

Ave.F1(%) 

DeepLab 
V3+ 57.60 68.66 61.67 78.38 78.07 63.96 68.06 80.73 

Unet 61.67 73.17 70.54 79.46 73.17 62.07 70.01 82.20 
Swin-Unet 67.23 70.63 67.26 66.67 62.83 62.50 66.19 79.62 
TransUnet 66.39 75.21 68.10 76.52 79.65 68.75 72.44 80.23 

GSwin-Unet 73.04 78.63 68.64 76.47 78.26 75.70 75.13 83.92 
MIoU (%) 65.19 73.26 67.24 75.5 74.40 66.60   

The segmentation results of the Table 3 methods are shown in Figure 11. Swin-Unet has limited 
ability to detect small targets, leading to a disregard for the categories with small proportion, such as 
bare land and buildings. Comparatively, GSwin-Unet reduces segmentation errors for geometrically 
complex and high-similarity features—including road, water in river, forest and agricultural land. In 
row 2, due to similar colors, other methods mistakenly identified “Agricultural land” as “Forest” and 
“water” as “forest”, while our GSwin-Unet made comparatively precise judgments.Furthermore, the 
example in row 4 shows that GSwin-Unet demonstrates superior efficacy in complex textured scenes 
and specific shaped ground objects, such as interwoven and nested forest, agricultural land, and 
roads. 

       

       

       

       
Image GT (a) (b) (c) (d) (e) 

Figure 11. Semantic segmentation instances on the RGB Forest dataset. (a) Deeplab V3+. (b) UNet. (c) Swin-UNet. 
(d) TransUnet. (d) GSwin-Unet. 
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5.5.2. Results on NIRRG Forest Dataset  

Segmentation performance of each method on the NIRRG Forest dataset is reported in Table 4. 
GSwin-Unet achieves 72.92% MIoU and 84.3% Ave.F1, surpassing all other methods. Owing to 
distinct spectral compositions, segmentation accuracy on the NIRRG Forest dataset is slightly lower 
than that on the GRB Forest dataset. However, the mean IoUs of forest, water and road in the methods 
involved in Table 4 are 65.41%, 73.62% and 68.45% respectively, which are higher than those on the 
RGB dataset (65.19%, 67.24%, and 66.60  respectively). This demonstrates the advantages of near-
infrared in vegetation and water recognition. It should be pointed out that Swin Unet is nevertheless 
inferior to CNN-based models, while TransUNet with hybrid structure has higher segmentation 
accuracy than CNN-based models in Table 4. This confirms that the ability to model both local details 
and global context is equally important for large-scale forest remote sensing images. Compared with 
Swin-Unet, GSwin-Unet increases MIoU by 6.79% and Ave.F1 by 4.72%. Compared with other 
methods, our GSwin-UNet improves segmentation performance for every category except for 
agricultural land and water: the segmentation performance of water is slightly lower than TransUnet, 
and the segmentation performance of agricultural land is lower than Unet and DeepLab V3+. This 
may be due to the limitation of the model in distinguishing local detail features. 

Table 4. Segmentation Results on the NIRRG Forest Dataset. 

Model Name IoU (%) Evaluation index 
Forest Agricultural land Water Building Bare land Road MIoU (%) Ave.F1 (%) 

DeepLab V3+ 63.39 73.21 70.23 61.90 63.33 70.94 67.17 80.28 
Unet 60.87 76.58 72.22 65.04 71.68 70.83 69.54 81.92 

Swin-Unet 66.12 67.21 71.20 66.12 64.96 61.21 66.13 79.58 
TransUnet 66.96 67.20 77.78 71.93 70.69 68.33 70.48 82.63 

GSwin-Unet 69.72 69.67 76.67 74.14 76.36 70.94 72.92 84.30 
MIoU (%) 65.41 70.77 73.62 67.83 69.40 68.45   

Figure 12 visually presents the segmentation results. In rows 1-2, compared with corresponding 
rows in Figure 11，the methods mentioned in Table 4 can better distinguish “Agricultural land” and 
“Water” in the “Forest” due to the marked spectral discriminability between “Agricultural land” and 
“Water” in NIRRG imagery, and the contours recognized by the GSwin-Unet method are clearer. In 
row 3, “Forest” and “Agricultural land” have alike colors, and because of the specific angel of sunlight 
exposure, the “Forest” with high brightness is prone to be misclassification as “Agricultural land”. 
By aggregating discriminative features from both local neighbor nodes and global contextual texture 
features, GSwin-Unet maintains relatively accurate inference performance in this scenario. In row 4, 
our model better distinguishes between “Forest” and “Agricultural land”.  
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Image GT (a) (b) (c) (d) (e) 

Figure 11. Examples of semantic segmentation results on the NIRRG Forest dataset. (a) Deeplab V3+. (b) UNet. 
(c) Swin-UNet. (d) TransUnet. (d) GSwin-Unet. 

5.5.3. Efficiency Analysis  

The parameters and inference speed of the methods for comprehensive comparisons are listed 
in Table 5. In the table, “Speed ”refers to the model’s image processing rate per second, measured in 
FPS (frames per second). Regarding speed (computational efficiency), models with pure CNN 
structures are generally faster than models with transformer or Swin transformer block. Specifically, 
our proposed GSwin-Unet achieves only 8 FPS on the RGB Forest dataset and 9 FPS on the NIRRG 
dataset. Furthermore, as GSwin-UNet adopts a parallel hybrid architecture combining UNet and 
Swin transformer, its parameter count exceeds that of other methods.  

Table 5. Model Speed, Accuracy, and Parameters. 

Method Parameters 
RGB Forest NIRRG Forest 

Speed (FPS) MIoU (%) Speed (FPS) MIoU (%) 
UNet 25.13 MB 239 70.01 232 69.54 

Deeplab V3+ 38.48MB 76 68.06 74 67.17 
Swin-Unet 25.89MB 63 66.19 60 66.13 
TransUnet 100.44 39 72.44 37 70.48 

GSwin-Unet 160.97 9 75.13 8 72.92 

5.5.4. Exploration of the Adaptability of the GSwin-Unet to Fresh Datasets 

To explore the adaptability of the proposed enhanced model to fresh datasets, we performed 
experiments on the publicly available RS GID-5 . The segmentation results are compared in Table 6. 

Table 6. Comparison Segmentation Result on the GID Dataset. 

Model Name 
IoU (%) Evaluation index 

Forest Farmland Water Building Grass Others MIoU (%) Ave.F1 (%) 
DeepLab V3+ 57.48 70.00 64.71 78.57 76.32 63.96 67.17 80.28 

Unet 61.67 72.13 67.83 79.46 73.17 62.93 69.54 81.92 
Swin-unet 65.57 69.60 66.09 65.32 60.68 59.06 66.13 79.58 
TransUnet 65.83 69.92 66.95 75.86 75.65 68.75 70.48 82.63 

GSwin-Unet 71.30 74.79 71.43 73.33 73.55 72.90 72.92 84.30 

It can be observed that the GSwin-Unet achieves a relatively ideal accuracy in identifying 
various categories in the GID dataset. In comparison to the TransUnet, the overall accuracy of the 
GSwin-Unet has increased by 2.44%, with significant improvements in the categories of forest, 
farmland and water, all of which have increased by 4%.  

6. Discussion 

The prediction results of the exploratory experiments demonstrate that the proposed improved 
model exhibits good adaptability to fresh datasets and is well-suited for sematic segmentation tasks 
in Forest RS images. The segmentation performance on the GID-5 dataset shows slightly lower than 
that of Sentinel-2 forest dataset. This is most likely because Sentinel-2 images have a larger field of 
view, can present a wider range of scenes or objects, and have richer texture and shape features. 
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Additionally, the GID-5 dataset used in the experiment is a large-scale classification set, which is not 
precise enough for classifying land features. Although the two limitations—efficiency and parameter 
size—may restrict GSwin-Unet’s applicability in resource-constrained environments like compact 
mobile devices, it remains valuable for investigating GCN and Swin transformer’s potential in Forest 
RS semantic segmentation tasks. 

There are many possibilities for improvement through various auxiliary functions: (1) optimize 
deep learning model through further exploring encoding methods for the small ground features 
embedded within predominant land cover types; (2) adopt a progressive segmentation method layer 
by layer by  extracting different ground features step by step from different band combination 
images of the same area; (3) train specialized sub-models for different regions and seasons to avoid 
performance degradation caused by a one-size-fits-all approach; (4) implement more precise pixel 
level annotation and create refined forest land cover datasets; and (5) perform model compression to 
improve segmentation efficiency. 

7. Conclusion 

To obtain the global texture features and understand the complex relationships between 
different ground objects in forest RS imagery, and to enhance feature discriminability, we proposed 
and evaluated a semantic segmentation framework called GSwin-Unet. This framework features a 
dual encoder structure by combining GCN and Swin transformer, completely breaking away from 
CNN. It represents a new attempt at combining model frameworks. Specifically, the Zero-Dice 
module improves the brightness and contrast of forest remote sensing images, especially the details 
of texture feature of forest. The proposed Feature Aggregation Module （FAM） leverages local 
aggregation features to guide the main encoder in extracting more discriminative representations; a 
joint loss function combining Dice loss (LDice)and Focal loss (LFocal) is constructed to supervise the 
model to alleviate the problem caused by the imbalanced category proportions. Moreover, we 
constructed two forest datasets using different bands combinations and verified through comparative 
experiments that the NIRRG dataset has higher recognition accuracy in forest, water and road. In 
contrast, the RGB dataset is superior in distinguishing agricultural land, building, and bare land. By 
integrating the discriminative advantages of the two different band combination images, we can 
achieve higher overall accuracy. Although the proposed framework has certain limitations in 
performance, our research findings have significant implications in the domain of complex RS image 
segmentation.  
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