Q

£ SCIENCE SET

O ee——
OPEN ACCESS PUBLISHERS

ISSN: 3067-929X
Research Article

Journal of Electronics Science and Electrical Research

/4

Semantic Segmentation Method for Remote Sensing Images Based on an
Improved TransDeepLab Model
Wang Jinxin', Wang Manman", & Qin Zilong?

ISchool of Geoscience & Technology, Zhengzhou University, Zhengzhou 450001, China
2School of Remote Sensing and Information Engineering, Wuhan University, Wuhan 430079, China

“Corresponding author: Wang Manman, School of Geoscience & Technology, Zhengzhou University, Zhengzhou 450001, China.

Submitted: 13 November 2024  Accepted: 20 November 2024  Published: 26 December 2024

d - https://doi.org/10.63620/MKJESER.2024.1003

Citation: Wang, Ji., Wang, M., & Qin, Z. (2024). Semantic Segmentation Method for Remote Sensing Images Based on an Improved

TransDeepLab Model. J of Electron Sci and Electrical Res, 1(2), 01-11.

Abstract

Due to the various types of land cover and large spectral differences in remote sensing images, their high-quality
semantic segmentation still faces severe challenges. This study proposes a new improved model based on the Trans-
DeepLab segmentation method. The model introduces the GAM attention mechanism in the encoding stage, which
can effectively reduce the information dispersion and enlarge the global interaction features, in the decoding stage,
a multi-level linear upsampling strategy is designed to gradually amplify the multi-scale features extracted from the
encoder and integrate them with the low-scale features to improve the segmentation effect of different shapes and sizes.
The model makes full use of the multi-level semantic information and small target detail information in high-resolution
remote sensing images, which can effectively improve the segmentation accuracy of target objects. Using open-source
LoveDA large remote sensing image data sets for the validation experiment, the results show that compared to the
original model, its Mean Intersection Over Union (MIOU) increased by 2.68 %, Average Pixel Accuracy (aACC), and
Mean Pixel Accuracy (mACC) by 3.41% and 4.65%. Compared to other mainstream models, the model also achieved

a better segmentation effect.

-
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Introduction

In recent years, accurate classification and interpretation of re-
mote sensing images has become a research frontier in the field
of geoinformation science. Early remote sensing image segmen-
tation methods used segmented images based on shallow feature
semantic information such as image color, texture and gradient.
They can be divided into edge detection-based segmentation
methods, region-based segmentation methods, threshold-based
segmentation methods, and segmentation methods combined
with specific theories [1-4]. However, early remote sensing im-
age semantic segmentation methods only performed well when
extracting low-level semantic information; and had low segmen-
tation accuracy and poor accuracy for target extraction tasks in
complex environments, which cannot meet the requirements of
remote sensing image interpretation applications.

Since Donald Herbst [5, 6] and others proposed the backpropa-
gation algorithm in the 1960s, the field of intelligent learning al-
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gorithms has kicked off. Subsequently, many excellent machine
learning algorithms have been applied to the semantic segmen-
tation tasks of remote sensing images. However, these methods
are not suitable for high-resolution remote sensing images with
widely different features and complex spectral texture informa-
tion. With the improvement of image processing requirements in
real life, new technologies with stronger feature extraction and
generalization capabilities are urgently needed.

With improvements in computer hardware and software; and the
increasing demand for image processing in practical work, deep
learning technology has gradually penetrated all aspects of life
[7-14]. For example, it is widely used in the fields of security,
handwritten digit recognition, human action recognition, finan-
cial transactions, remote image processing, and others [15-19].
With the continuous development of deep learning methods in
the field of image processing, numerous network models with
strong feature-learning abilities have emerged [20-24]. These
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models can automatically learn spatial features and topological
relationships, better capture multi-level information in remote
sensing images through the hierarchical feature extraction of
deep neural networks, and obtain more accurate image segmen-
tation results. For example, the FCN algorithm can replace the
full-connection layer with a convolution layer at the prediction
output end, which can realize end-to-end training prediction re-
gardless of the size of the input image [25]. However, the FCN
used high-level features of spatial information as the basis for
pixel classification, which led to the neglect of low-level fea-
tures with rich semantic information; Thus, the FCN performed
poorly in processing multiple-images, and its segmentation was
rough. Villa proposed the PSPNet algorithm to overcome the
shortcomings of FCNS. PSPNet uses a pyramid-pool module
that can integrate the context information of each region to obtain
better global information [26]. Since then, several researchers
have proposed effective network frameworks. The encoder-de-
coder structural model exhibits excellent performance. For ex-
ample, Ronneberger et al [27]. proposed a U-net network struc-
ture that connects high-level features generated by the decoder
with low-level features generated by the corresponding encoder
through a skip connection, which can better realize the seman-
tic segmentation task of remote sensing images. RefineNet and
SegNet use similar network structures [28, 29]. This network
structure uses an encoder decoder structure; the encoder is used
to extract feature information from remote images, and the de-
coder restores the extracted features. The decoder compensates
for lost information in the encoding process, fuses low-level fea-
tures, and improves the segmentation accuracy of the network.

However, these models have insufficient power to aggregate
contextual information, which results in poor prediction results.
Subsequently, He et al [30]. Proposed a variant model based on
DeeplabV3Plus, which adopted MobileNetV2 as the backbone
network and introduced a dual attention mechanism to extract
bare land; the performance of this model was better than that
of the model architecture based on Xception as the backbone
network. However, owing to the locality of convolution opera-
tions, obtaining global convolution context information directly
remains challenging. Inspired by the global modeling capability
of a Swin transformer, He et al. Proposed a new remote sensing
image semantic segmentation framework and constructed a dual
encoder structure of a Swin transformer and a CNN, which can
improve the segmentation accuracy of small- scale ground ob-
jects [31]. Similar to the Swin transformer principle, Su et al.
Based on the backbone of a Swin transformer, proposed a pure
efficient transformer with mlphead to accelerate the inference
speed; and proposed an explicit and implicit edge enhancement
method to deal with the target edge problem [32]. In 2022, based
on the concept of the DeeplabV3Plus network structure and
Swin transformer, Reza et al. Proposed a DeeplabV3+ image
segmentation model, TransDeepLab, based on unconvolutional
transformation [33]. Initially used for medical image segmenta-
tion, the network leverages a layered swin-transformer with shift
windows to extend DeepLabv3 and model the Spatial Pyramid
Pool (ASPP) module. The Swin pyramid module of the Trans-
DeepLab model can capture multi-scale information by using
different window sizes, and then integrate the obtained multi-
scale context information into the decoder module by using the
leap-above context attention mechanism, which can capture
more comprehensive feature information of the target object.
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However, the accuracy of feature extraction from complex re-
mote-sensing images is low.

This study conducted research based on the TransDeepLab mod-
el framework, further analyzed the existing problems of the net-
work, and proposed a new deep-learning network architecture.
First, the Convolutional Block Attention Module (CBAM) atten-
tion mechanism in the coding stage of the TransDeepLab mod-
el is replaced by a new attention mechanism, Global Attention
Module (GAM), which can enlarge the global dimensional inter-
action features while reducing information dispersion, thereby
obtaining more abundant feature information [34]. Second, in
the decoding path, the extracted multi-scale features are up-sam-
pling several times and connected to the low-scale features from
the encoder, to refine the feature representation. Compared to
many existing network models, the improved model proposed in
this study achieveds better precision results. This study provides
a new technical reference for large-scale land cover classifica-
tion task resource surveys [35-38].

Materials and Methods

Method Framework

The TransDeepLab split network model is a fully transform-
er-based DeepLabv3+ architecture that extends the encod-
er-decoder architecture of DeepLabv3+, and uses a series of
swim-transformer modules to encode input images into highly
representative spatial features. The encoder module divides the
input image into 4x4 non-overlapping image blocks, each of
which has a feature dimension of 4x4x3 =48 (represented as C),
and applies swin-transformer blocks to encode local semantic
information and global context information [33]. In the coding
stage, two stacked swin- transformer blocks were used to focus
on inter-dimensional global context information and ignores the
interaction between the channel and spatial attention, resulting
in information loss. This study replaces the CBAM attention
mechanism with the GAM attention mechanism module, which
integrates and captures more small-scale features using nonlin-
ear technology, minimizes information loss, and amplifies global
interaction. The attention mechanism module uses two levels of
channel- attention and spatial-attention, to capture feature in-
formation from each level of the pyramid, forming multi-scale
interactions.

In contrast, in the decoding stage, the TransDeepLab model uses
only bilinearity up sampling step and then combines low-level
feature information with high-level semantic information. How-
ever, the feature information extracted by the encoder was richer
and occupied a higher proportion of the training process. There-
fore, in this study, the output of the encoder was upsampled four
times to collect rich spatial feature information and then fused
with small-scale features, ensuring that high and low-level fea-
tures can fully use. The specific implementation process is the
channel compression of low-level features by a 1x1 convolu-
tion, which can effectively reduce the influence of low-level fea-
tures and highlight the role of high-level features in facilitating
the training and optimization of the model. In the decoder, mul-
tiple up sampling operations retain high-level semantic infor-
mation and improve the segmentation degree by supplementing
low-level features; and effectively improving the segmentation
effect of different shapes and sizes of ground objects. The im-
proved TransDeepLab network architecture is shown in Figure 1
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Figure 1: Overall Architecture of the Improved TransDeepLab Network.

Attention Mechanism

The GAM attention mechanism is a global attention mechanism
that is an upgraded version of CBAM. This improves the per-
formance of deep neural networks by reducing information loss
and amplifying interactive global representations. The GAM
introduces a 3D arrangement of multi-layer perceptron’s for

channel attention and convolution space attention submodules.
The original basic model uses the CBAM attention mechanism
module. Although CBAM includes channel and spatial attention
operations, it has certain drawbacks. The structure of the GAM
attention module is shown in Figure 2.

Channel attention

A

Spatial attention

L 3

.

Figure 2: GAM Attention Structure Diagram.

For the processing of channel attention, CBAM directly max-
imizes and averages the input feature map through Multi-Lay-
er Perceptron (MLP) processing, which is finally activated
by a sigmoid. In the spatial attention part, the feature map is
a direct superposition convolution after maximum and average
pooling and is then processed by a sigmoid activation function.
Moreover, it causes information loss and ignores the interaction
between the channel and space, thus losing cross- dimensional
information.

In the attention part of the channel, GAM first performs dimen-

sion transforms on the input feature map, uses a three-dimen-
sional arrangement to retain information in three dimensions,
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and inputs it to the MLP, converts it to the original dimensions,
and then performs sigmoid processing and outputs [39]. Convo-
lution processing is mainly used for spatial attention. To focus
on spatial attention, the number of channels was first reduced
by convolution with Convolution Kernel 7, and the number of
calculations was reduced. Then, the number of channels is in-
creased by the convolution operation with a Convolution Ker-
nel 7 to keep the number of channels is consistent. Finally, it is
outputted by the sigmoid. This amplifies the interdimensional
interaction and captures the important features of the target in
all three dimensions. Figure 3 shows the specific structure of
the GAM.
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Figure 3: GAM Structure Detail Diagram.

Decoder

The improved decoding network consists of four up-sampling
blocks that are used to restore the feature map to the size of the
input image. Each up-sampling block first adjusts the channel
number and image size of the high-level features to the same
level as the corresponding low-level features of the coding net-
work through a transposed convolution. The high and low-level
features are then concatenated, and the result is used as an input
to a Channel Selection Block (CSB). After each upper sampling
block, the number of channels in the feature map is halved.

To further enhance the feature representation, several upper
sampling layers are added in the decoding process, and the
“connect” module is introduced after each upper sampling lay-
er. This module connects high-level features with corresponding
low-level features to form a cross-layer feature fusion, thereby
retaining more details and achieving a thinning feature represen-
tation. Each upper sampling block first uses transposition con-
volution to adjust the channel number and spatial resolution of
the high-level feature map to be the same as those of the corre-
sponding low-level feature, and then concatenates the transposi-
tion convolution of the high-level feature with the corresponding
low-level feature in the coding network to form a rich feature
representation. The concatenated feature map was input into
the CSB, and important features were further extracted using a
nonlinear transformation. During the decoding process, sever-
al up-sampling operations are performed, each time the feature
map is enlarged, and the size of the input image is gradually re-
stored. Finally, the high-dimensional features are translated into
8-channel features using convolution kernel 1 to obtain the final
predictive output. In the decoder, the adjustment and concatena-
tion processes of the feature map are as follows:

Up-sampling process: High-level feature graphs are first up-sam-
pled by transposing the convolution:

Fly = T(Fiign: 07) (1)

Among them, Fap is the feature map after up-sampling on the
1
F:h"gh is the high-level feature map of the L-layer, and

represents a transposed convolution operation with
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parameter Or-,

Feature Splicing: After up-sampling, the feature map is spliced
with the corresponding low-level feature map in the encoder:
Féoncat = Fui. JFILW

[ P ] (2)

F! . . FL. .
where; " concat g the feature map after concatenation, % is
the low-level feature map of the L- layer in the encoder, and
Lol

[F up F *0“’] represents the concatenation operation in the channel
dimension.

CSB Processing: The concatenated feature map is nonlinear
transformed by CSB:
Fd.Esb = CSB(Fc{oncat; gcsb) (3)

1
where; Fesn is the feature map with the output of CSB,
1 .
(Feoncat’ Oesp) indicates the CSB operation with parameter

Multiple up-sampling: Assuming that L layers are up-sampled,
the output of the L layer can be expressed as

Fhye = {Fly, ifl < LCONVy 1 (Flyyi Ocony), il =1L @)
[ . .
where; ConVixa(Fesni Beonv)  represents 1*1 convolution operation

BCG nw*

with parameter

Final output: After several upsamples, the final output feature
maps are as follows:

Ffin.a! = Fgut (5)

The Frinat s the final feature map for the eight channels. This
process can be expressed in the following recursive form:
Féut = {CSB([T(thig' 81!')' Fllow]; atl:sb)'

if 1 <1< LConwy,y (CSBUT(Fhug'; 08), Flsn )i 0500 Oconv) jf = | (6)
1

Where Fout is the initial high-level feature map.

Experiments and Results

Datasets

LoveDA, a land use and cover data set from Google Earth, was
used to collect really urban and rural remote sensing images
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from Nanjing, Changzhou and Wuhan in 2016. The image data
had a spatial resolution of 0.3m, including 5,987 high-resolu-
tion images and 166,768 annotated objects that were divided
into urban and rural parts. This data set had three characteristics.
First, multi-scale objects, the same category of objects in differ-
ent scenes, have completely different geographical landscapes
and increase the change of scale; second, they have extremely
complex background samples. The high resolution and differ-
ent complex scenes as background in the LoveDA dataset bring
richer details and greater intra-class variance. Finally, there are
differences in the class distribution. Urban scenes with high pop-
ulation densities contain many artificial objects, such as build-

ings and roads. Compared with rural scenes, which contain more
natural elements, such as forest and water, this dataset focuses
on stylistic differences in the geographical environment com-
pared with common image segmentation datasets, and inconsis-
tent category distribution will bring special challenges to image
segmentation tasks. Compared to existing submeter high-reso-
lution land coverage datasets, this dataset contains more pixel
samples and labeled ground objects. The labels of the dataset
included seven types of ground objects: buildings, roads, water,
barren, forest, agriculture, and background, among which build-
ing examples were marked the most frequently. Figure 4 shows
a few of the selected raw images and label maps.

Rural Image

Rural Label

Urban Image

Urban Label

water

road

building

Y
Q

7

.""

?--'-:-' —
—
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- i
hes | nimml
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— ]

forest agriculture background

barren

Figure 4: Training Sample and Label Example.

Implementation Details

In this study, a deep learning network model was built on an
NVIDIA 3090 (90G video memory) GPU combined with a Py-
Torch framework, and the model effect was verified. The initial
learning rate was set to 0.001 during the experiment, which sta-
bilized the model during the training process. The momentum
was 0.9, which helped the model accelerate and converge in the
right direction during training. The batch size was set to 16 to
reduce the risk of overfitting to a certain extent. A convention-
al cross-entropy loss function was selected to calculate the loss
value, and a stochastic gradient descent learning rate strategy
was used for the weight optimization iteration. The total number
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of iterations of the model training was set to 200, and the model
was stored once every five epochs to avoid storing the model too
frequently. Simultaneously, the training process was guaranteed
to have sufficient checkpoints to monitor the training progress
and performance, and the model with the best performance on
the verification set was saved during training for verification and
testing experiments.

Evaluation Metric

In this experiment, we selected three evaluation metrics to
measure network performance: mean intersection over union
(MIOU), Average Pixel Accuracy (aACC), and mean Pixel Ac-
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curacy (mACC). The IOU is mainly used to measure the degree
of coincidence between the segmentation and the real results.
The higher the IOU, the closer the segmentation result is to the
real result, and the better the segmentation performance. MIOU
is the mean of all categories of IOU and represents the average
of the intersection and union ratio of the two sets of predicted
and true values of all categories of ground objects. Acc is mainly
used to measure the number of correctly classified pixels in the
segmentation results; aACC is the proportion of correctly clas-
sified pixels in the total number of pixels and mACC represents
the average rate of pixel classification accuracy of all categories,
that is, the number of correctly classified pixels in each category
and the proportion of pixels in the category [40-42]. The formu-
las for calculating each indicator are as follows:

kL pii
aACC = %ﬂ” (6)
[=uE;=uPU
1 ok pii
mACC = _Z _P %)
ke + 1dai=0 Zf_, pif

oy = —— E ' pii
m = ) 0ol aa
ke +1Lui=a Tf_, pif + Zi_, pif — pil (g

where, K represents the total number of classes, Pii represents

. : . Yk pij
the number of pixels class in class i, </=0 represents the
number of pixels belonging to class i but predicted to belong

Y opij -
to another class, <=0 represents the number of pixels be-
longing to another class and predicted to belong to other classes,
represented by i.

Experiment and Result Analysis

Ablation Experiment

To verify the effectiveness of the improved modules, this study
added the improved modules and process experiments indi-
vidually to verify the effect of the improved decoder and the
newly proposed GAM attention mechanism module on model
performance. It can be seen from the experimental results in
Table 1 that each improvement modules improved the model
performance. First, multiple up-samplings using the improved
decoder can improve the utilization of different receptive fields
and extract more complete object contours by focusing on
more local information. Compared to the original model, the
MIOU increased from 49.49 % to 51.16 %, mACC and aACC
also increase from 61.21 % and 68.78 % to 63.91 % and 70.19
%, respectively. Second, after replacing the CBAM attention
mechanism of the original model with the GAM module, the
model can improve the aggregation of feature information on
the channel attention and convolution space attention submod-
ules and reduce information loss by amplifying global informa-
tion interaction. Compared with the original model, the MIOU,
mACC and aACC increased from 49.49 %, 61.21 % and 68.78
% to 50.55 %, 63.37 % and 69.85 %, respectively. Finally, the
overall performance of the model was improved by adding an
improved module. The model combined with all the improved
modules showed the highest segmentation accuracy, improving
the MIOU, aACC, and mACC by 2.68 %, 3.41% and 4.65 %,
respectively, compared with the base model. The experimental
accuracies before and after improvement are listed in Table 1.

Table 1: Comparison of Ablation Experimental Evaluation Results.

MO Base Cufipd improved-Decoder | MIOU (%) mACC (%) afCC (%)
a W 49.49 61.21 68.78
b W v 50.5% 63.37 6985
€ L v 3116 630 70.76
d W 'l W 52.17 65.86 7219

To demonstrate the validity of the improved model directly,
we compared the segmentation results of the improved model
with those of the original model and the classical network
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model Deeplabv3+ in the loveDA datasets, and then showed
the detailed classification of various types of ground items, as
shown in Table 2.
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Table 2: Precision Comparison of TransDeepLab and its Improved Model.

10U and Acc scores for each class (%)
model MIOU/% mACC/% aALCC/% Speed (FPS)
building road water | barren | forest | agriculture | background
4297 50.88 5202 74.36 1040 4421 4297
Deeplabv3 + 424 54.13 66.37 646
54.17 48.40 7691 16.94 4021 57.90 8440
43.04 51.34 50.93 74.77 1003 42.19 43.03
transdeeplab 4949 61.21 68.78 273
7511 61.46 7814 | 26.75 4885 50.59 87.58
43.06 22.74 5278 | 73.08 1033 43.05 43.06
i e 50.55 63.37 70.76 24.4
+GAM 79.15 63.80 8047 2B.27 5173 56.79 83.38
transdeeplab 42,85 52.58 52.82 | 74.51 1142 4442 42.85
+Improved- | | | | 51.16 63.91 70.76 154
Decoder 77.08 63.40 B84.96 | 29.06 | 5064 5862 83.65
Textual 59.59 54.57 6746 @ 24.69 3863 4998 54.81
fod 52.17 65.86 7219 145
met 79.94 65.88 83.54 25.09 59.55 68.48 78.53

*Note: The first line of each model is the IOU value, and the second line is the ACC score.

As can be seen from the data in the table, the segmentation IOU
and ACC scores of the proposed method for each class were
higher than those of the basic unimproved TransDeepLab model.
Only the barren IOU score was 25.09 %, which was lower than
that of the basic model 74.77 %; however, the overall MIOU
score was 52.17 %. The overall segmentation result is still closer
to the real situation than that of the basic model, which may
be due to the fuzzy boundary of the bare land category and the
difference in the geographical environment of the image itself;
thus, the accuracy decreases. In addition, by comparing the
Deeplabv3+ model with the mainstream segmentation network
model, the scores of all kinds of IOU and ACC in the proposed
method are much higher than those of the external network, ex-
cept the barren, and the overall MIOU score is approximately 10

% higher than that of the Deeplabv3+ algorithm. The conclusion
can be obtained from the results of the study that the improved
method proposed has greatly raised segmentation precision and
accuracy compared with the original and external segmentation
methods. However, the running speed is slow, which may be the
reason for the increase in the parameters, and further improve-
ment and optimization are required.

Improvements in the prediction effect can be observed direct-
ly from the prediction results of each model for high-resolution
images. The specific experimental results are shown in Figure
5, where the obvious improvement areas are highlighted in red
boxes.

{a) (bl

N OO & a3

(e}

Buikling road water Darren

forest agriculture  background

(d) (f)

Figure 5: Land use classification prediction map of the ablation experiment. (a) Input image, (b) Ground Truth, (c) base, (d)
base+GAM, (e) base+Improved-Decoder, (f) Textual method

As shown in Figure 5, the basic model misclassified a large body
of water into the forest, and the extraction effect of the forest was
particularly poor, with many mis’ extractions and omissions.
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However, after the addition of the GAM module, the model’s
identification accuracy for each class was greatly improved, and
there was no misjudgment, especially when the extraction ef-
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fect of the water body was relatively obvious. The recognition
of small objects with a poor recognition effect in the original
model was improved, and the recognition rate was higher than
that of similar objects in the original model. This is because,
after the addition of the GAM module, through the channel at-
tention mechanism and spatial attention mechanism, the model
can focus on the interaction between feature maps in the channel
and space and; capture more comprehensive target information.
Thus, the difference between ground objects of each class can
be more clearly identified, the accuracy of the model can be in-
creased, and various ground objects can have richer multi-scale
features to express their semantic information. Therefore, we
can successfully increase the accuracy of the model by using its
advanced features to distinguish between classifications.

In addition, it can be seen from the figure adding a connection to
the decoder of the basic model also improves the recognition ef-
fect compared with the original model. Owing to the loss of spa-
tial information, the segmentation map generated by the basic
model is fuzzy; in particular, the object contour extraction is not
clear. However, after adding connection to the decoder and per-

forming quartic up-sampling, the geometric and complex con-
tour information of the ground object can be better preserved.
Compared with the original model, the MIOU, mACC and aACC
values of the improved decoder model increased by 1.67 %, 2.7
% and 1.98 %, respectively. This is because the improved de-
coder pays more attention to the extraction of low-level feature
information; and inhibits error information in the feature fusion
stage of the decoder, which enhances the useful feature expres-
sion. Compared with the original model, the method proposed in
this study significantly reduces the confusion rate between class-
es, provides more accurate recognition between classes, and can
accurately identify the detailed information of each class feature.

Contrast Experiment

To further evaluate the effectiveness of the proposed method,
we compared the improved TransDeepLab model with several
mainstream image segmentation models, including Deeplabv3+,
Unet, and PSPNet [43-45]. To ensure experimental fairness and
data validity, all networks were trained and tested using the same
software and hardware. A comparison of the specific accuracy
and prediction results is presented below.

Table 3: Precision Comparison Between the Proposed Method and other Models.

)
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Figure 6: Comparison of the results of different models. (a) Real image, (b) label, (c) Deeplabv3+, (d) unet, (¢) PSPNet, (f) Textual
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For the LoveDA dataset, the MIOU value of the proposed
method exceeded DeepLabv3Plus by 9.76 percentage points
and outperformed PSPNet by 6.65 percentage points. This
stems from the GAM’s focus on global information inter-
action, which helps capture irregularly shaped features
more comprehensively. For the classification of many rule
instance images, such as buildings, roads, and other catego-
ries, the proposed method was significantly better than the
DeepLabv3Plus and UNet methods. In addition, among the
seven categories shown in Table 3, compared with the main-
stream PSPNet method, the proposed method improved the
accuracy of the extraction of buildings and roads to varying
degrees. However, the segmentation accuracy of lakes, for-
ests and farmland was slightly lower than that of the PSPNet
network, which may be due to the dense connection used in
the decoder. Although specific upsampling models can be
learned, some details are lost, and there is a certain degree
of segmentation ambiguity for targets with complex edge
details.

According to the experimental prediction results in Figure
6, the popular mainstream segmentation methods have cer-
tain effects on object segmentation and can roughly identify
various objects, but the misclassification rate is high and
there is more confusion among different types. Meanwhile,
missing or misclassification is often observed in the seg-
mentation of buildings, and the segmentation among simi-
lar types is not sufficiently accurate; the object boundaries
are not sufficiently fine and there is more noise. Compared with
previous models, the proposed method has a higher classifica-
tion accuracy and can more accurately distinguish each ground
object category. Meanwhile, the segmentation results are more
in line with geological logic, and there are no disadvantages to
other models with more noise. Therefore, edge extraction be-
tween different types of objects is more accurate. Overall, the
comparative analysis shows, that the segmentation map of the
improved model is the closest to the label map, and the seg-
mentation of elongated targets such as buildings, roads and lakes
is more accurate. Experiments show that the improved method
proposed in this study is effective, and that the improved net-
work has better segmentation performance than the general seg-
mentation network.

Discussion

Current popular semantic segmentation methods fail to make

full use of the rich contextual semantic information in high-res-

olution remote sensing images, and the segmentation accuracy
of small-scale surface objects is low because of the imbalance of
surface object categories and large-scale differences in high-res-
olution remote sensing images. In this study, an improved net-
work architecture based on the transformer model was proposed.

The GAM attention mechanism was introduced in the coding

stage, and a multi-level linear up-sampling strategy was added

in the decoding stage. The experiment is verified by using open
source data set, and a good segmentation effect was obtained.

The main conclusions are as follows:

1. Compared the CBAM mechanism used in the base model, the
GAM global attention mechanism further optimizes feature
representation. By enhancing the global interactive represen-
tation and reducing information loss, the model can consider
a larger receptive field and extract more scaled features.
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2. The multi-level linear up-sampling strategy added in the de-
coding stage can gradually amplify the multi-scale features
extracted from the encoder, collect rich spatial feature infor-
mation, and fuse with low-scale features. This cross-layer
connection method preserves the semantic information of
high-level features, refines the feature representation, and
improves the granularity resolution and accuracy of the seg-
mentation results.

3. The experimental results show that the above improve-
ments make the model achieve higher accuracy and ro-
bustness in the semantic segmentation of high-resolution
remote sensing images, especially in the segmentation of
complex scenes and multi-scale targets, and the advantages
are more obvious. In the open source LoveDA dataset, the
mlIOU, aACC, and mACC of the improved model increased
by 2.68 %, 3.41 % and 4.65 %, respectly, compared with
the basic transformer model before the improvement, and
were superior to other commonly used semantic segmenta-
tion models in multiple evaluation indicators. These include
Deeplabv3+, Unet and PSPNet.

However, this model still has certain limitations. First, the num-
ber of parameters in the network is too large, which increases
the training cost and reduces the training speed. Secondly, there
are missing or incorrect classifications of similar ground objects.
Lightweight Networks, such as MobileNet and ShuffleNet, can
be considered for subsequent research to reduce the scale of the
model and speed up the inference. Simultaneously, techniques
such as Model Pruning and Quantization can be explored to re-
duce the computational load and memory footprint of the model,
thereby increasing segmentation speed.
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