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Abstract: To address the issues of significant scale differences in targets, sparse distribution of objects, and high similarity between
certain classes in remote sensing images, an improved semantic segmentation method DKTU-Net for remote sensing image based on U-
Net structure is proposed. Based on the U-Net framework, this method makes targeted improvements to the encoder and feature fusion
structure. Firstly, the original convolutional encoder is replaced by a hybrid encoding structure that fuses convolution and Shunted
Transformer, which can effectively capture cross-scale and cross-region global semantic dependencies while maintaining local detail
sensitivity. Then, the detail-preserving contextual fusion module (DPCF) is adopted to fuse skip connections and upsampled features,
and through a learnable fusion strategy, multi-scale features are adaptively combined to improve the problems of significant scale
differences and sparse distribution of objects. Finally, the kernel selective fusion attention module (KSFA) is introduced to enhance the
features after context fusion. This module can adaptively adjust the receptive field according to the needs of different classes, alleviating
the problem of high similarity between easily confused classes. Experiments were conducted on the two high-resolution remote sensing

datasets, ISPRS Vaihingen and ISPRS Potsdam. The results show that the proposed DKTU-Net, compared with the original U-Net
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network model, The MIoU and M-F1 on the ISPRS Vaihingen dataset increased by 6. 52% and 4. 87% respectively, and the MIoU and
M-F1 on the ISPRS Potsdam dataset increased by 3.54% and 2. 4% respectively It has effectively improved the problems existing in

remote sensing image segmentation, such as large differences in target scale, sparse distribution of objects, and high similarity between

easily confused categories.
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Table 2 Ablation experiments on the ISPRS Vaihingen dataset (%)
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Baseline+ST+KSFA+DPCF 78. 56 86. 62 61.48 73.36 67.23 73.45 84. 40
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Table 3 The segmentation results of different network architectures on the ISPRS Vaihingen dataset (%)

o loU MloU m-F1
AR R IR IRAEHE B WA ER

U-Net 73.78 82.51 59. 54 71.15 47.65 66. 93 79.53
UNet++ 76.09 84.56 59.34 73.03 61.78 70. 96 82. 67
DeepLabv3+ 71.54 81.17 52.23 68.76 39.76 62. 69 76.01
PSPNet 75.55 83.52 58.59 72.18 50. 16 68. 00 80. 33
Swin-Unet 73.19 79. 81 57.41 71.23 43.93 65.12 78. 10
DKTU-Net 78. 56 86. 62 61.48 73. 36 67.23 73.45 84. 40

1% 3 W41, 7E ISPRS Vaihingen ¥4 4E I, DKTU-
Net BIETELE A VEAL 48 A5 L # B T8 57 kg, X T
FELR B U-Net, MIoU Fl M-F1 43 542 & T 6.52% Fi
4.87%, PSPNet i i 3R F 4 38 WAL B e itk 17 2 RO

SRt Al , DT 52 B 4 JRy s i SCR AR, 5 FE L LA
FITAG FE bR B AR BT B g, (HROCR AR . UNet++
a5 TR IBRIRIE 12 5 v R E B0 R, A B T A
EEARIA S AN BAR AL G2 2 &, Biltn , 7ekk
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Table 4 The segmentation results of different network architectures on the ISPRS Potsdam dataset (%)
ToU

e FEKIE 5 wERE WA Gm MieU mfl
U-Net 75.92 80.97 64.38 62.33 75.29 71.78 83.37
UNet++ 77.33 83.57 66. 29 66. 74 76. 30 74. 05 84.92
DeepLabv3+ 71.78 77. 94 58.77 54. 54 69. 02 66. 41 79. 49
PSPNet 76. 15 83.52 65. 30 64. 60 69. 94 71.90 83.46
Swin-Unet 74. 80 81. 10 64. 88 61. 84 72.12 70. 95 82. 81
DKTU-Net 77.92 84. 54 67. 66 68. 32 78.17 75.32 85.77
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Fig.5 Comparison of different algorithms on the ISPRS Vaihingen dataset



-214 - LSRR R e o

40 &

4 & B

-l

BEX TR G T AR H bR RUBE 22 5 K X 4 i 3
A3 F1 5 RV 28 22 18] ) e B2 AR BA PR 25 (R, £ U-Net HEZE
FRORERN b, BT — ol 2 A et R o R KR O3 ) R 2%
DKTU-Net,, i1 % BUAT ¢ 1E A6 5 il 5 4SS B it 47 45 B
HE TGO, 32T T BBITE 5 2% 18 7 5T 1453 %)
PERE, TEmTSRTEE, 5] AJRA B Shunted Transformer 2
BEAE LIRS R 0 A0 T 5 A RO OC AR YK 5 AR R
J1o FERB B, R DPCF IR SCRlG A5 e 52 35 Bk 2R
HEHE S PRI IEAT A & R E 7R DRIE R 2 I L —
EE A [R]N R B v 2 MRS AE rp S (05 B, FERFAE 1
BrBe, 51 KSFA Rl T8 8 B s, X Bl Jm i
MEFEATHE— LAY IG5, DT 52 T 05 O 1 5 SO AR AR 2
RS X AT BE ), SEEREs SRR, 5 HAb 320
B8 o E) A L DKTU-Net 48 7E ISPRS Vaihingen
15 ISPRS Potsdam $didke I BATBUF I SRR . SR 2k
TARRHE— LW R e A 5 3 SR T ik, A
f i AR BEIR 2 IRIRE T B9S2 PR HRE )
B
[ 1] e, AR 3T DeepLabV3+ 1Y 1% B FR 1E X
GrETTERLI]. destiiizz:, 2023, 37(12) : 1596-1600.
Liang Jingye, Liang Jiewen. Semantic segmentation method
for remote sensing images based on DeeplLabV3 +[]].
Beijing Surveying and Mapping, 2023, 37 (12).
1596-1600.
WEsE, IR, #oldy, 45, ET D-SIEHE IS
MBS A R AR ()], IS
{8244, 2022, 36(8) : 194-203.
Pan Weihao, Xu Saibo, Guo Hongyang, et al. Building

[2]

change detection in high-resolution remote sensing images
based on D-S evidence theory[ J]. Journal of Electronic
Measurement and Instrumentation, 2022, 36 ( 8):
194-203.

M, A, BEE, S G P AME R IR
BRIk (1], T I 5 A g o7
#2, 2017, 31(10) ; 1687-1692.

Wang Chao, Shi Aiye, Gu Aihua, et al. An urban high-

resolution remote sensing image segmentation method

(3]

combined with shadow compensation [ J]. Journal of

Electronic Measurement 2017,

31(10) : 1687-1692.
P, AER, SKIE. JET I YOLOVS [ 38 i A1 15
FIARAEIN ()], bRz 224 ( AR BEARR) , 2025,
45(3) : 309-316.

Ke Qisheng, Hua Qiang,

and Instrumentation

[4]

Zhang Bo.

Remote sensing

(5]

[6]

(7]

[8]

(9]

[10]

[(11]

image object detection based on improved YOLOv8[J].
Journal of Hebei University ( Natural Science Edition ) ,
2025, 45(3): 309-316.

WS, I, B, S T DeeplabVSHﬁ"Ji%@
B &I % ()], T ER, 2022, 45(21):
148-155.

Huang Cong, Yang Jun, Liu Yi, et al. Remote sensing
image segmentation algorithm based on improved
DeeplabV3+[ J]. Electronic Measurement Technology,
2022, 45(21) : 148-155.

R, KE, ERR, & G 2 )2 GURE 38
PG 55 /0 H AR [ 0], AR 244, 2022,
43(3) ., 221-229.

Yan Junhua, Zhang Kun, Shi Tianjun, et al. Weak
ground target detection in remote sensing images using

multi-level feature fusion [ J ]. Chinese Journal of

Scientific Instrument, 2022, 43(3) . 221-229.

B, TEP, FBEE, SF BT RLE VR I ALE /N
FEACKE B 52 2607k (0], A T I R
2023, 42(7) : 59-67.

Li Zimao, Yu Shu, Zheng Lu, et al. Few-shot remote
sensing scene classification method based on fused
[J].
Measurement Technology, 2023, 42(7) . 59-67.

i, MR, B2, % Rk K-PCA 15 PNN
AP S R R V], AR Rl
(FSRBHERR) | 2025, 45(4) ; 343-351.

Chen Xufeng, Lu Jun,
hyperspectral remote sensing classification algorithm
combining improved K-PCA and PNN [ J]. Journal of
Hebei University ( Natural Science Edition ), 2025,
45(4) . 343-351.

A, E#E, XDGHE. 2R QURERY R R A Y 8 IR
EUGH /DK AR SR IO T]. 5 45 1 2 4, 2023,
45(6) : 123-134.

Meng Yuebo, Wang Jing, Liu Guanghui. Small water

attention ~ mechanism Foreign  Electronic

Jian Meng, et al. A fast

body extraction in remote sensing images using multi-level
feature enhancement and aggregation [ J ]. Journal of
Detection & Control, 2023, 45(6) . 123-134.

Long J, Shelhamer E, Darrell T. Fully convolutional
networks for semantic segmentation[ C]//Proceedings of
the IEEE Conference on Computer Visionand Pattern
Recognition, 2015 3431-3440.

Ronneberge O, Fische P, Brox T. U-net; Convolutional
networks for biomedical image segmentation[ C]//Medical
Image Computing and Computer-Assisted Intervention-
MICCAI 2015 18th International Conference, Munich,
Germany, October 5-9, 2015, Proceedings, Part III 18.



57 3

FEF Ik U-Net 025 1 32 2% B4 43 50 50k - 215

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

(22]

Springer International Publishing, 2015, 234-241.
Badrinarayanan V, Kendall A, Cipolla R. SegNet: A
deep convolutional encoder-decoder architecture for image
segmentation| J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2017, 39(12) . 2481-2495.
Zhou Z,Siddiquee M M R, Tajbakhsh N, et al. UNet++.
A nested U-Net
segmentation [ C ]//International Workshop on Deep

architecture for medical image
Learning in Medical Image Analysis. Cham: Springer
International Publishing, 2018 3-11.

Chen L. C, Papandreou G, Kokkinos I, et al. Semantic
image segmentation with deep convolutional nets and fully
connected crfs [ C ]//International
Learning Representations (ICLR). 2015.
Chen L. C, Papandreou G, Kokkinos I, et al. Deeplab:

Semantic image segmentation with deep convolutional

Conference on

nets, atrous convolution, and fully connected crfs[J].
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2018, 40(4) . 834-848.

Chen L C, Papandreou G, Schroff F, et al. Rethinking
atrous convolution for semantic image segmentation[ C]//
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition ( CVPR ). IEEE, 2017.
1248-1257.

Zhao H, Shi J, Qi X, et al. Pyramid scene parsing
network [ C ]//Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition ( CVPR).
TEEE, 2017 2881-2890.

Woo S, Park J, Lee J Y, et al. CBAM: Convolutional
block attention module[ C]//Proceedings of the European
Conference on Computer Vision ( ECCV).
2018 3-19.

Vaswani A ,Shazeer N, Parmar N, et al. Attention is all
you need [ C ]//Advances in
Processing Systems. 2017 5998-6008.

Dosovitskiy A, Beyer L, Kolesnikov A, et al. An image

Springer,

Neural Information

is worth 16x16 words: Transformers for image recognition
at scale[ J]. ArXiv preprint arXiv; 2010. 11929, 2020.
LiuZ, Lin Y, Cao Y, et al. Swin Transformer: Hierarchical
vision transformer using shifted windows[ C ]//Proceedings of
the IEEE/CVF International Conference on Computer
Vision (ICCV). IEEE, 2021 10012-10022.

He X, Zhou Y, Zhao J,

embedding UNet for remote sensing image semantic

et al. Swin Transformer

segmentation[ J]. TEEE Transactions on Geoscience and

Remote Sensing, 2022, 60. 1-15.

[23] Ren S, Zhou D, He S, et al. Shunted self-attention via
multi-scale token aggregation [ C ]//Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2022. 10853-10862.

Xu W, Zheng S, Wang C, et al. SAMamba: Adaptive

state space modeling with hierarchical vision for infrared

[24]
small target detection [ J]. ScienceDirect Information

Fusion, 2025,124. 103338.

Xu Y, Wang D, Zhang L, et al. Dual selective fusion

transformer network for hyperspectral image classification[ J ].

Neural Networks, 2025, 187. 107311.

Rottensteiner F, Sohn G, Jung J, et al. The ISPRS

benchmark on urban object classification and 3D building

[ J]. ISPRS

Photogrammetry, Remote Sensing and Spatial Information

Sciences, 2012, 1-3(1); 293-298.

Chen L. C, Zhu Y, Papandreou G, et al.

decoder with atrous separable convolution for semantic

[25]

[26]

reconstruction Annals  of  the

[27] Encoder-
image segmentation [ C]//Proceedings of the European
Conference on Computer Vision ( ECCV ), 2018.
801-818.

Cao H, Wang Y, Chen J, et al. Swin-Unet: U-Net-like

pure transformer for medical image segmentation [ C]//

Cham ;

[28]

Vision.

European Conference on Computer
Springer Nature Switzerland, 2022, 205-218.

EEE N

B A%, 2024 4F F U1 AR AL TR 223K
A L2 T AL TS,
TS5 T AR E 2 > 18 ST
E-mail :2199463409@ qq. com

Zhao Yawei received his B. Sc. degree

3

from Sichuan University of Science &

Engineering in 2024. he is currently a M. Sc. candidate at
Hebei University. His main research interests include deep
learning and Semantic Segmentation.

BT GEFEER), 2017 4F T WL RS
NS S VA R LR N A Y S e
Bed , EBESE 5 0y N TR RE KB Ak
N
E-mail : ranning87@ hotmail. com

Ran Ning ( Corresponding author )
received his Ph. D. degree from Zhejiang University in 2017.
He is currently a professor with the College of Electronic and
Information Engineering, Hebei University. His current
research interests include artificial intelligence and image

processing.



