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Fig. 2 Semantic segmentation—based remote sensing image classification workflow
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Fig. 3 Comparison of remote sensing image and land cover classification results for a part of Yakeshi City, Hulunbuir, in 2015
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Tab. 2 Confusion matrix statistics and accuracy assessment of land cover types in Hulunbuir City, 2015
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Tab. 3 Area proportion statistics of land cover types
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Fig. 4 Land cover prediction maps of Hulunbuir City from 2014 to 2024
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Fig. 5 Chord diagrams of land use type transitions in Hulunbuir City from 2014 to 2024
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Tab. 4 Land use transition matrix of Hulunbuir, 2014—2024 10 000 km?*
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Tab. 5 ¢—value statistics of the major driving factors for different land use types

e DEM e pg AR [k GDP UNEE-3; s
Fr b 0.288 0.014 0.116 0.107 0.144 0.003
Mt 0.234 0.238 0.299 0.261 0.077 0.015
R 0.072 0.022 0.054 0.129 0.029 0.006
KA 0.143 0.112 0.107 0.158 0.022 0.003

A3 K T 0.028 0.008 0.033 0.033 0.568 0.231

A A L 0.094 0.043 0.124 0.241 0.033 0.004

Ry ik — 25 B g = MR AR Al 0 52 2P AR SO U 3R shHL I R AT T IR A BT, B 7R 8 s N R
T2 G X b bR A SR v AR T AR B R e A5 B TR A2 BRI 25 R AN 6 T

SN S S R e =By N B AN = iy G v i Rl v B S ¢ B LB Ve
X2 5 X6 038 H X #E b Zs (8] 40 SR o L g (B R 0. 375, 2 BIIR BE 5 3 B /9 36 R 4E FH S5 208k b 1 AR
Ao X — 28 R T R RS E AE A RN ek B ) A 5 I N ) TR S R T AR A R, 2R B B
FEAE P H H B X, X3 5 X6 193¢ 500 XA M =3 (8] A8 A A7 B A S VE L g {60 0. 423, 1
AH PR b 23 A 6 B B A R LR I Y DX, B i T b O 5 A A R 1 R[] 5 ) X 2R XK e E
FFSE ) I B AR 2F T MR TR B S T o B b X A B Bl DR ) O e 55 L g (B RIS K g EACH
0. 25, 2% B 50 1l (9 43 A 5 AR HLI 52 2% , AT g A2 200 2 N R ARt sc BAE A, dE DL A B — Bl 7 2
K B . X2 5 X3 5928 B X KA B o R A A Hb i 223 ) 3 A2 HAT B B 52 e, g {60 0. 396, FRIIAE A 4K
SRS Y DX, 3 - SIS R T 45 B A2 B AR IR R A K B, A AR s TRl AR L oK e A ] AR A7 3] XL
5 XA Z R, g [Emik 0. 64, — kS T 4k 2 25 B Cans i £k A il 15 it g 1% ) 78 3 it



- 202 - P ¢ i DT DR 2 27 41 C AR B2 i) 5 55 &

P 5K A O SRS T o S HLAR B, 8 U i 15 A8 3 ik ik B 1) A e W S A Sl 1 R s T Y ek
A JEHRAE IR 1 X3

q (a) B q (b) #ith q (c) B
0351500273 dx 05 POI1521 4 x 0200 0.006 86 AL
0.30 | 0.175
1116 06 E g 0.064 300.054 14 142
025 )
116 9 / -4 x3 41 4
020 3
0.15 b : i 1 03 Y 4 x4
030 b 1 ! {xs
A 3 6 ‘ 007248 X6
X X X3 X X X6 X1 x B x4 X X T - 6
q (d) KAk q (e) AN /KT

0.30 [0.003 24 X1

0.25 0.033 27 1x2

020 0.103 72 0,032 95 10

0.15

0.10
0.091 28 0.073 65 0.008 01 14X

0.05

0.080 68 0.079 35| 0.061 23 0.027 98 X6 X6

X1 XIZ XI? X4 );5 XIG
P06 2019 420 ff DU T 45 9 8l DR 58 45 0 25 SR

Fig. 6 Interaction detection results of driving factors in Hulunbuir City, 2019
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Semantic Segmentation and Classification of Remote Sensing Images in Hulunbuir

WANG Pengyu, BAO Zhengyi, BAI Shuangcheng, WEI Wei

(College of Computer Science and Technology, Inner Mongolia Normal University, Hohhot 010022, China)

Abstract: This study addressed the issues of low efficiency in traditional remote sensing interpretation, difficulties in
acquiring high—precision regional data, and the challenge of nationwide products failing to meet the needs for fine—scale land
classification analysis. Relying on the Google Earth Engine platform, this study integrated Landsat remote sensing images
and multi-source classification products to construct a multi-temporal land use/land cover dataset for Hulun Buir City from
2014 to 2024. Based on this dataset, classification experiments were conducted using several deep learning models,
including FCN, Deeplabv3-+, U-Net, and VM-Unet. Additionally, the study further analyzed the spatial and temporal
evolution characteristics of land use in the study area and the driving effects of natural and social factors on the change
process. The results are as follows. (1) The constructed dataset effectively supports regional-scale classification tasks.
The classification accuracy of the deep learning models reaches 87.44% , with a Kappa coefficient of 0. 823, accurately
reflecting the dynamic features of land use/land cover. (2) Over the past decade, the grassland area has shown a
continuous decreasing trend, while the areas of arable land and impervious surface have significantly expanded. Forest land
and water bodies have remained relatively stable overall. (3) Natural factors such as DEM and slope play a dominant role in
the changes of arable land, forest land, and water bodies, while population growth and economic development have notably
driven the expansion of impervious surfaces. Additionally, the comprehensive driving effects of multiple interacting factors
are particularly evident.

Key words: deep learning; land use/cover change; transition matrix; geographic detector; semantic segmentation
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