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Abstract—Recently, Unsupervised Domain Adaptation (UDA)
methods have attracted considerable attention in Remote Sensing
Images (RSI) semantic segmentation. However, cross-domain RSI
exhibit diverse scales, imbalanced distributions within domains,
and significant inter-domain variations. In response to these
challenges, we combine Spatial reconstruction and Joint train-
ing with the Transformer Network (SJT-Net). This framework
introduces a spatial reconstruction method to address the issue
of inconsistent ground sampling distances in cross domain RSI,
which is rarely considered in existing approaches. Transferring
domain knowledge at a similar spatial scale improves the spatial
representation ability of UDA models. Unlike traditional adver-
sarial training using ResNet for feature extraction, the SJT-
Net employs Segformer, which enhances the model’s ability to
capture in-class features across domains and improves global
dependency modeling. Transmitting these refined features to
the discriminator allows for more precise feature-level domain
alignment. To enhance feature decoding, an interactive global-
local decoder is constructed to efficiently capture both global re-
lationships and local details of landform objects. Our framework
leverages adversarial training to generate highly confident model
weights and pseudo-labels for self-training in the target domain.
Through iterative updates, the model’s generalization capability
is gradually improved, eventually achieving optimal segmentation
performance. Experimental results demonstrate that SJT-Net
outperforms current UDA approaches and accomplishes state-
of-the-art (SOTA) segmentation accuracy. The repository can be
accessed at https://github.com/AnsonD0820/SJT-Net.
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I. INTRODUCTION

OWING to the swift promotion of remote sensing technol-
ogy, the remote sensing big data era has arrived with its

increasing availability and utility [1]. High-definition Remote
Sensing Images (RSI) are critical in various disciplines, in-
cluding landform mapping [2, 3], city layout and construction
[4, 5], environmental monitoring [6, 7] and crop assessment
[8, 9], etc. Recently, thanks to rapid advancements in computer
vision technology, semantic segmentation algorithms have
become essential tools for interpreting remote sensing images
[10–12]. However, densely annotated training samples are
a major determinant of current RSI semantic segmentation
techniques. They not only consume considerable manpower
and material resources but also necessitate the use of spe-
cialized software for annotating high-resolution RSI. How to
use existing annotated remote sensing data for training and
apply trained models to newly acquired data from diverse time
periods and geographical regions, has emerged as a pivotal
focus in global remote sensing research. Transferring domain
knowledge can effectively address this challenge. However,
domain shifts frequently arise due to variations in feature
distribution between domains. Performing domain alignment
is a common optimization technique in UDA. It involves the
use of a specific optimization paradigm, and the adoption of
certain training methodologies, like adversarial training [13–
16] or alternatively self-training [17, 18].

The basic idea of adversarial training involves the simulta-
neous training of a feature extractor alongside a discriminator.
The former endeavors to confound the latter by generating
samples that are hard to distinguish into a specific domain.
When the discriminator struggles to ascertain domain origins
of these samples, it indicates substantial similarity across both
domains. Many successful approaches in UDA adversarial
training have been put forth and applied to cross-domain
semantic segmentation tasks of natural images. For instance,
Tsai et al. [13] put forward an adversarial network with
multiple levels and Wang et al. [14] suggested a fine-grained
adversarial methodology for learning. They both showed good
segmentation results on cross domain street scenes. But remote
sensing scenes have distinct attributes than natural scenes.
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Fig. 1. SJT-Net framework. The optimizer of SJT-Net comprises three losses: segmentation loss in the source domain(L seg ), domain adversarial loss(L adv )
and self-training segmentation loss in the target domain(L self ). Throughout the training process, only annotated labels from the source domain guide the
training, adhering to the principle that supervised information from the target domain is unavailable in UDA experiments. X S and X T represent the images
of the source and target domains, respectively, while RS and RT represent their corresponding features.

These images exhibit significant variability in feature distribu-
tion, which can be attributed to differences in region, season,
sensor type, and the altitude at which they were captured.
Meanwhile, they encompass complex terrain structures and
intricate spatial relationships. Moreover, existing adversarial
UDA methods have a shortcoming that cannot be ignored,
i.e., the limited receptive field in the segmentation network.
The majority of adversarial frameworks predominantly employ
the network architecture from the DeepLab series [19–21],
using the ResNet101 [22] for feature extraction. However,
its convolutional kernel receptive field is relatively limited to
acquire comprehensive global contextual information, which
makes it incapable of processing complex RSI. In contrast, the
Transformer architecture [23–27], leveraging multi-head self-
attention, proves its proficiency in capturing detailed informa-
tion across diverse scales. Moreover, it adeptly comprehends
the spatial and semantic relationships across diverse locations
within RSI, facilitated by positional encoding.

Self-training, as a non-adversarial UDA method, has a
huge difference in its training mechanism when compared
with adversarial training. Using annotated source domain
samples, the self-training strategy first trains an initial model
to predict target domain’s unlabeled samples. To further
enhance the target domain’s segmentation accuracy, these
high-assurance predictions are used as pseudo-supervisions
to iteratively update the model weights. DAFormer [17] in-
tegrates the Transformer with a self-training framework to
perform cross-domain street scenes semantic segmentation.
HRDA [18] enhances DAFormer by a multi-resolution self-
training approach, and a method for integrating cropping
and splicing data enhancement method for pseudo-labels to
enhance segmentation effectiveness. Nevertheless, self-training
exists an inherent shortcoming: segmentation performance is
heavily contingent upon the generalizability of its original

model and the precision of pseudo-labels. Subpar initial model
performance or notable disparities in sample distributions can
result in low-quality pseudo-labels. In subsequent iterative
training processes, erroneous pseudo-supervisory information
accumulates continuously, ultimately resulting in segmentation
outcomes that do not achieve the necessary accuracy in prac-
tical applications.

To address the limitations of two UDA training strategies,
the key contributions are as follows.

1) This research suggests a framework (SJT-Net) that inte-
grates adversarial training and self-training. It utilizes the
Transformer to capture global context and long-range de-
pendencies and improves cross-domain RSI segmentation
accuracy by employing adversarial training to generate
reliable pseudo-labels for self-training.

2) A cross-domain spatial reconstruction method is proposed
to alleviate RSI resolution gaps and align spatial scales,
thereby facilitating cross-domain feature alignment.

3) To address small-target mis-segmentation and scale varia-
tions, a global-local interactive decoder is proposed which
expands the decoding-stage receptive field and enables
synergistic integration of local and global features. Com-
parative experimental results show that SJT-Net achieves
SOTA segmentation performance.

II. RELATED WORK

A. Semantic Segmentation with Convolutional Neural Network
(CNN) for Remote Sensing Images

Semantic segmentation makes predictions at the pixel level,
which is crucial for applications involving RSI interpretation.
Since the Fully Convolutional Network (FCN) [28] was in-
troduced, end-to-end image semantic segmentation has been
employed extensively. Many well-known convolutional neural
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networks have been extensively utilized as benchmarks for
semantic segmentation tasks. Compared to natural images,
objects in RSI contain complex textures, irregular shapes,
and diverse scales. Researchers overcome these challenges by
incorporating attention modules. Zheng et al. [29] proposed
a multiscale channel-wise cross attention network to facilitate
the fusion of multi-channel features using an attention mech-
anism. By employing an attention perception module with
synergistic integration and hierarchical structure, Li et al. [30]
effectively mitigated visual attention bias. Zhang et al. [31]
used truncated local regions to learn from related-category
information and improved the recognition of global contextual
information through an attention cross-fusion module.

B. Semantic Segmentation with Transformer for Remote Sens-
ing Images

Following the significant success of Vision Transformer
(ViT) [23] in image classification tasks, SETR [24] introduced
the first Transformer-based semantic segmentation framework
by integrating ViT with an encoder-decoder architecture. No-
tably, the computational cost of self-attention in ViT increases
significantly in processing large images. To address this issue,
Xie et al. [27] introduced a more efficient hierarchical Trans-
former architecture, Segformer (MiT), specifically designed
for image segmentation tasks. Building on this foundation,
several studies have found that the Transformer architec-
ture exhibits notable segmentation effects when processing
high-resolution RSI. Zhang et al. [32] improved the ViT
by effectively mining second-order information from RSI to
establish global dependencies and guide its fusion with first-
order information. Zeng et al. [33] employed cross-attention
to enhance multi-scale feature connections in the encoder
and developed a Transformer-based decoder that facilitates
cross-window interactions. Zhang et al. [34] proposed the
Long-Short-Range Transformer (LSRFormer), which can be
incorporated after each CNN stage to enhance the model’s
ability to learn both local and global representations across
different stages. Although Transformer-based models exhibit
outstanding performance, they remain highly dependent on
pixel-wise annotated remote sensing data, which is scarce.
Therefore, effectively leveraging existing annotated data for
transfer learning has emerged as a primary research focus.

C. Unsupervised Domain Adaptation (UDA) Semantic Seg-
mentation Approach for Remote Sensing Images

Current UDA strives to minimize domain differences but
frequently faces category distribution mismatches between
target and source domains, commonly referred to as do-
main shift. Most UDA techniques for remote sensing scenes
are built on adversarial training or self-training. Adversarial
training approach attempts to conform feature distributions
of source and target domains inside the Generative Adver-
sarial Network (GAN) architecture. Based on the encoding-
decoding framework, adversarial training approach can be
divided into three UDA levels: input [35, 36], feature [37, 38],
and output [39, 40]. Specifically, Ma et al. [38] proposed a
decomposition-based generative adversarial network that de-
composes encoder-generated features into high/low-frequency

components and aligns them within feature-level subspace.
Similarly, self-training [41, 42], as a non-adversarial UDA
approach, has garnered significant interest in semantic seg-
mentation involving cross-domain RSI. For instance, Zhang et
al. [42] proposed a self-training approach aimed at enhancing
quality of pseudo-labels by leveraging a teacher model within a
topological space. In addition, Liang et al. [43] combines the
above two UDA approaches, further enhancing the models’
generalization ability. However, most of these approaches
rely on the DeepLab network, which is somewhat limited,
when compared to the superior global modeling capabilities
of Transformer. Furthermore, they often overlook the spatial
scale discrepancies arising from differences in Ground Sample
Distance (GSD) between the source and target domains.

III. METHODOLOGY

A. SJT-Net Framework
To lessen the detrimental effects of domain shift resulting

from distribution imbalance across domains, this research
proposes the SJT-Net. Fig. 1 depicts the overall SJT-Net
framework. By aligning spatial category information with
target domain, our framework performs cross-domain spatial
reconstruction on source domain. To capture comprehensive
contextual information during the adversarial training phase,
the framework needs to derive characteristics from images
in both source and target domains. Most existing UDA se-
mantic segmentation methods rely on ResNet101 [22] for
feature extraction. However, as a fully convolutional network,
ResNet101 has a relatively smaller receptive field compared
to Transformer-based models. The local convolutional sliding
operation limits ResNet101’s ability to capture long-range
dependencies. Consequently, when applied to cross-domain
semantic segmentation tasks, particularly those involving com-
plex spatial relationships, this constraint further hinders the
model’s performance. This limits the development of cross
domain RSI semantic segmentation. For overcoming the afore-
mentioned limitation, our work develops a feature extractor
built upon Segformer (MiT) [27] architecture for obtaining
features from RSI in two domains, as depicted in Fig. 2.
The Transformer model, initially introduced by Vaswani et
al. [44], leverages the self-attention mechanism to capture
the relationships between elements in an input sequence.
Unlike traditional Convolutional Neural Networks (CNN),
which rely on fixed local receptive fields, the Transformer
calculates the relationships between each element and all
others using self-attention. This enables the model to effec-
tively capture long-range dependencies. Segformer (MiT) is an
image segmentation model inspired by the Vision Transformer
(ViT) [23], which has demonstrated impressive performance
in image classification tasks. Building on this, Segformer
improves the encoder by employing a lightweight encoding
structure, thereby enhancing its performance in segmentation
tasks. Compared to the Segformer encoder, the improved
Segformer feature extractor in this research incorporates two
sets of convolutional layers, normalization operations, and
nonlinear activation functions, following the aggregation of
the MLP (Multilayer Perceptron) layer. This design aims to
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Fig. 2. Structure of Segformer Feature Extractor. The Segformer feature extractor comprises four Transformer layers. Each layer has a different number of
multi-head self-attention heads: [1, 2, 5, 8]. The feed-forward network within a Transformer layer is denoted as FFN (Feed Forward Network). All linear
flattening in this framework is achieved using fully connected layers.

match its output dimensions with those of the proposed global-
local interactive decoder and domain discriminator. The final
output feature dimensions of the improved Segformer Feature
Extractor is R64�64�2048 .

The Segformer Feature Extractor accepts input from the
target and source domains with dimensions of R512�512 �3 .
The Transformer architecture encounters challenges in pro-
cessing large-size images directly. Therefore, a preprocessing
step is required to partition the images into smaller patches
before feeding them into the Transformer layer. Fig. 3 shows
the detailed process of image patching and describes how
self-attention operates with N heads. Where an input image
is divided into smaller, overlapping patches, each patch is
treated as an individual token. These patches are then flattened
and linearly embedded into a high-dimensional feature space.
The self-attention mechanism is subsequently applied across N
heads, allowing the model to capture long-range dependencies
and contextual relationships between patches. Each head in the
multi-head self-attention mechanism independently attends to
distinct input segments. The outputs are then concatenated and
linearly transformed to generate the final representation, allow-
ing the Segformer Feature Extractor to capture both local and
global features. Each patch processed by a Transformer layer
has the sizes [128×128, 64×64, 32×32, 16×16] respectively.
After each Transformer layer, the number of output channels
is [64, 128, 320, 512]. To improve the representation capacity
of semantic information, the Feed Forward Network (FFN)
within each layer performs nonlinear transformations on the
extracted features. FFN’s mapping expression is as follows:

Rout = MLP(GELU(Conv 3�3 (MLP(R in )))) + Rin (1)

where, Rout represents the features of the FFN output and Rin

denotes the feature map extracted from the multi-head self-
attention module. MLP consists of a series of fully connected
layers that perform feature transformation on the input Rin .
Conv3�3 refers to a convolution operation using a 3�3 kernel.
As the multi-head self-attention is a global module, it is limited
in its ability to capture local spatial information. Convolution
operations, which captures local features, complement this
limitation by conveying spatial structural information. GELU
(Gaussian Error Linear Unit) is an activation function em-

Fig. 3. Operation flow chart of overlap patching and multi-head self-attention
mechanism.

ployed to apply nonlinear transformations to the convolutional
outputs, thereby significantly enhancing the model’s power in
predictions. The second-layer MLP maps the nonlinear fea-
tures to a lower-dimensional space, recovering more efficient
feature representations from the high-dimensional space. Fi-
nally, the residual connection of Rin ensures the continuity of
information flow, facilitating the optimization of the network.
In the FFN, the dimensions of Rout and Rin are identical.
Within each Transformer layer, the dimensions of Rout and
Rin are [R16384�64 , R4096�128 , R1024�320 , R256�512 ].

In comparison to the ResNet101, the Segformer Feature
Extractor in the proposed SJT-Net has a wider receptive field
and is capable of extracting more refined features during the
feature extraction onstage. In the SegFormer Feature Extractor,
the source and target domains share identical weights, facil-
itating effective transfer learning on the target domain and
thereby minimizing the distributional gap between the two
domains. The discriminator is then simultaneously treated and
final layer feature maps from two domains are aligned. By
engaging in adversarial training, the target domain’s feature
distribution probabilistically resembles that of the source one.
To enhance the receptive field during decoding, a global-
local interactive decoder is designed to upsample features after
adversarial training, generating target domain segmentation
masks. These masks serve as the target domain’s pseudo-labels
in self-training. Through iterative updates of model weights
and pseudo-labels, the model achieves optimal segmentation
performance. By combining adversarial training and self-
training, we adopt a dual domain adaptation semantic segmen-
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