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Abstract: In the Liaohe conservation areas, the boundaries of land features are irregular and
difficult to discern. To monitor encroachments into arable and forest lands within these areas, a
multi-scale layered fusion Swin Transformer module method for land cover classification is
proposed. This method includes a hierarchical feature extraction module with stacked Swin
Transformer modules to capture both global spatial and local contextual information; a multi-
scale feature decoding module for efficient fusion of high-level and low-level features; additional
auxiliary decoding heads for more accurate classification; and comprehensive fusion of features
from two decoding branches. Validation using a land cover classification dataset created from
GF-2 satellite imagery and the publicly available GID-5 dataset shows that the method achieves
average intersection-over-union ratio of 82.83% and 69.05%, demonstrating the best
classification performance compared to other land cover classification mainstream methods.
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Fig. 5 Partial original images and annotated examples from the Liaohe ecological conservation zone dataset
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area dataset

AN TE W R b AR IR, b HA SRk B A
DEH, TN 45 SR A SO0 R AR b S L
PRaE .

()

(a)— A% ; (b)—#5%; (c)—DeepLabv3+; (d)—PSPNet; (e)—SegFormer; (f)—AC )ik .

3.2 EGID-5HIEENERS N
R T BB A SC 2 Iz AL BE T PR

FFEHE4E GID-5 Hh i T —
fli g Bk 4 fow .

RIS LSS, o P

F4 TEEXEGID-5F RIS EMEEELEE

Table 4 Comparison of the classification performance of different algorithms on the GID-5 %

- HH L it HH NS ARPRTE
a m, m,
SOFHC ERR SOF MR SOFIE ERRR SOFIL R SOFIE MR SORL ERR

DeepLabv3+ 53.84 66.33 72.18 84.25 70.15 79.58 66.33 82.46 34.08 85.60 80.62 92.95 76.83 62.87 81.86

PSPNet 56.05 68.47 71.85 85.36 69.44 78.05 65.27 83.43 39.01 83.27 70.46 90.79 77.06 62.01 81.56
SegFormer 58.12 73.01 70.69 85.39 70.54 77.99 69.40 85.69 48.34 71.18 70.53 92.42 78.67 64.60 80.94
AT 60.29 78.53 73.63 85.46 73.41 82.47 73.59 90.27 51.41 86.73 81.98 94.56 82.27 69.05 86.34

M 4] LB ARSI 248 7E GID-5 £ 9548
) 3 ISR TEAL rhAR I 2] T e, b af2 & T
4.58%~7.08% , m, $E 55 T 5.47%~6.67%, FE xR
m, A EY FE Al S B 25 — i 5 2% 45 44 1Y) DeepLabv3+
B T 9.83%, H AT & Transformer Y SegFormer
RBERIPE S T 6.89%, 7840 I T AR SCOT ik iz
fre

AN RIS B B T AR AL 25 SR A 1] 8 B, B T
Mo 7R AR S5 1 5 HAR T A AR LRG3, IR 8
Hon] LUFE A STV Al LLSE N v A 42 JROAS 1%
S H A L ) R, AR A R g B s
T AT, A 608 YHE 1 12 JBC S X 0 4 B0 1 5, i
W1 1A ST VE TR/ INRRE FAS By 1R VB 1R R IR 2 53
T HAT IR B A



% 2 4

I ME. % RE S E&RA Swin Transformer B3 T THFR LB 2 £ 115

VAL 2 A0 2807 B R B P RE AN A2 2% 55 . Y
i 78 b1 A B FP ¥ A1z 5B IR %K (floating point
operations, FLOPs) IS HUki it , N3 5 s . A3k
HORT LU AR ST VR B AR AR 2] B S
Bt U] O T HAB Y 3 2K 05 X R A
RSB R T 3 R M RE el B L
A A 2E 2] B 2R FRE AN AT IR 2 IR RRTE
PRIy T A HE T, R B 5 8 30 A2 A B B R Wl
JERE TR A AR SR 25 1) 32 B TR 4

P oo

- | ¢
(a (b) (©
T omm ESUA M e KR e g oo Aot

- .
RS
. .
v, ¥
= »

TP 24 A BRAS [7) 43 0 3 R R 35 B SR L i)
ETE R T HRR R L, 408 /£ ADE20K $if 45
HR R B S R 2k e 5 TR A 224 R R di
LA UCM %l 45  AID %4 4 . ADE20K %4 45
S PR S A 45 R SR A B T 4 A R AR
PRI T 1, RERETE T TR 4 B Ao 2k e 2 1)
HUAS-P-Aly , AER 5 A AR HE SREIRUE 0 Ao 2k e
AR BRI 25 R e m T Ay 2 I
Z RS RN s BAT Tz N R 5

(d) (®

iy wm SRARIC X

B8 AEMEAZE GID-5RAIFT L R ILE
Fig.8 Comparison of the visualization results of different models on the GID—-5
(a)—JRIR 5155 (b)—HR%E; (c)—DeepLabv3+; (d)—PSPNet; (e)—SegFormer; (£)—AKC 77k .

*5 tHEMSHEITLE
Table 5 Comparison of computational complexity
and number of parameters
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SegFormer 0.025 24. 724
AR5k 0.298 122. 88
4 45 ik

AR ST AR 2R AL ] 5 OB A A
T8 s 5 GID-5 W LS T I Wb F HoAh 3% +
W78 25 2K 4 2 4 0 i B 2 L T

PG R 58 ROCR T3 AT LA H AR SC R0 46 ) LS
RS 4 AN 14 8 H 1A WL B 3 90 , Vs 412 Hi
BOHME T WA B 2 | 3 R 3, B T A 2 BT
SR IR AR AR AR A A2 2RIl
PR F 42 SR R AR R B R4, [ I S T AR
AR AN SRR T 2 2 AR BT

SE

[1] Li R, Zheng S Y, Duan C X, et al. Land cover
classification from remote sensing images based on multi-
scale fully convolutional network [J].
Information Science, 2022, 25(2): 278-294.
[2] Yin H, Pflugmacher D, Li A, et al. Land use and land
cover change in Inner Mongolia-understanding the effects of

Geo-spatial

China’ s re-vegetation programs [J]. Remote Sensing of
Environment, 2018, 204: 918-930.



116 FA X F FIR(A AAFIR) % 47 %
[3] Tu Y, Chen B, Zhang T, et al. Regional mapping of [18] Chen L C, Papandreou G, Schroff F, et al. Rethinking

[4]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

China: a
segmentation-based approach [J]. Remote Sensing, 2020,
12(7): 1058.

Cao Y X, Huang X. A coarse-to-fine weakly supervised

essential urban land use categories in

learning method for green plastic cover segmentation using
high-resolution remote sensing images|[J]. ISPRS Journal of
Photogrammetry and Remote Sensing, 2022, 188: 157-
176.

Johnson B A, Ma L. Image segmentation and object-based
image analysis for environmental monitoring: recent areas
of interest, researchers’ views on the future priorities [J].
Remote Sensing, 2020, 12(11): 1772.

Enoguanbhor E C, Gollnow F, Nielsen J O, et al. Land
cover change in the Abuja city-region, Nigeria: integrating
GIS and remotely sensed data to support land use planning
[T]. Sustainability, 2019, 11(5): 1313.

Shi H, Chen L, Bi F K, et al. Accurate urban area
detection in remote sensing images [J]. IEEE Geoscience
and Remote Sensing Letters, 2015, 12(9): 1948-1952.
Sassu A, Gambella F, Ghiani L,
unmanned aerial system remote sensing for precision
viticulture[ J]. Sensors, 2021, 21(3): 956.

Lu T, Li S T, Fang L Y, et al. From subpixel to
superpixel: a novel fusion framework for hyperspectral

et al. Advances in

image classification [J]. IEEE Transactions on Geoscience
and Remote Sensing, 2017, 55(8): 4398-4411.

Sun B, Kang X D, Li S T, et al. Random-walker-based
collaborative learning for hyperspectral image classification
[J]. IEEE Transactions on Geoscience and Remote
Sensing, 2016, 55(1): 212-222.

Sargent I, Zhang C, Atkinson P M. Joint deep learning for
land cover and land use classification: US10984532 [P].
2021-04-20.

Papoutsis I, Bountos N I, Zavras A, et al. Benchmarking
and scaling of deep learning models for land cover image
classification [J]. ISPRS Journal of Photogrammetry and
Remote Sensing, 2023, 195: 250-268.

Manzanarez S, Manian V, Santos M, et al. Land use land
cover labeling of GLOBE images using a deep learning
fusion model[ J]. Sensors, 2022, 22(18): 6895.

Kroupi E, Kesa M, Navarro-Sanchez V D, et al. Deep
convolutional neural networks for land-cover classification
with Sentinel-2 images [J]. Journal of Applied Remote
Sensing, 2019, 13(2): 024525.

Huang C Q, He C, Wu Q, et al. Classification of the land
in ASEAN
combinations and three machine learning algorithms: a case
study in Ho Chi Minh City [J]. Sustainability, 2023, 15
(8): 6798.

Shelhamer E, Long J, Darrell T. Fully convolutional

cover of a megacity using two band

networks for semantic segmentation [J] IEEE Transactions
on Pattern Analysis and Machine Intelligence. 2017,39(4)
640-651.

Ronneberger O, Fischer P, Brox T. U-Net: convolutional
networks for biomedical image segmentation [ C ]/Medical
Image Computing and Computer-Assisted Intervention
2015. Cham: Springer, 2015: 234-241.

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

[32]

atrous convolution for semantic image segmentation [ EB/
OL]. (2017-12-05) [2024-07-23]. https://arxiv. org/abs/
1706.05587.

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.
Zhao H S, Shi J P, Qi X J, et al. Pyramid scene parsing
network [ C]//2017 IEEE Conference on Computer Vision
and Pattern Recognition (CVPR). Honolulu: IEEE, 2017:
6230-6239.

Fu J, Liu J, Tian H J, et al. Dual attention network for
scene segmentation [C]//2019 IEEE/CVF Conference on
Computer Vision and Pattern Recognition (CVPR). Long
Beach: IEEE, 2020: 3141-3149.

Alhichri H, Alswayed A S, Bazi Y, et al. Classification of
remote sensing images using EfficientNet-B3 CNN model
with attention[ J]. JEEE Access, 2021, 9: 1407814094,

He C, Liu Y L, Wang D C, et al. Automatic extraction of
bare soil land from high-resolution remote sensing images
based on semantic segmentation with deep learning [J].
Remote Sensing, 2023, 15(6): 1646.

Ma X Y, Xu J D, Chong Q P, et al. FCUnet: refined
remote sensing image segmentation method based on a
fuzzy deep learning conditional random field network [J].
IET Image Processing, 2023, 17(12): 3616-3629.

Khan S, Naseer M, Hayat M, et al. Transformers in
vision: a survey [EB/OL]. (2022-01-19) [2024-07-23].
https://arxiv.org/pdt/2101.01169.

Ashish V. Attention is all you need[ EB/OL]. (2023-08-02)
[2024-07-23]. https://arxiv. org/abs/1706.037627
andrealarosa.org.

Xie E Z, Wang W H, Yu Z D, et al. SegFormer: simple
and efficient

ref=

design for semantic segmentation with
transformers [EB/OLJ. (2021-10-28) [2024-05-21].
https://arxiv.org/abs/2105.15203.
Liu Z, Lin Y T, Cao Y,
hierarchical vision transformer using shifted windows[C 1/
2021 IEEE/CVF International Conference on Computer
Vision (ICCV). Montreal: IEEE. 2022: 9992-10002.

Wang L, Li R B, Zhang C, et al. UNetFormer: a UNet-
like transformer for efficient semantic segmentation of

et al. Swin transformer:

remote sensing urban scene imagery [J]. ISPRS Journal of
Photogrammetry and Remote Sensing, 2022, 190: 196—
214.

MaJ G, Shen HR, CaiY X, et al. UCTNet with dual-flow
architecture: snow coverage mapping with Sentinel-2
satellite imagery[ J|. Remote Sensing, 2023, 15(17): 4213.
Hu Z H, Qian Y R, Xiao Z Q, et al. SABNet: self-
attention bilateral network for land cover classification [J].
IEEE Journal of Selected Topics in Applied Earth
Observations and Remote Sensing, 2024, 17: 8559-8569.
Tong X Y, Xia G S, Lu Q K,
classification with high-resolution remote sensing images

et al. Land-cover

using transferable deep models [J]. Remote Sensing of
Environment, 2020, 237: 111322.



