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Semantic segmentation of landslide remote sensing image
based on improved attention RTformer

Tang Hailin' Zhang Jun' Li Yixu® Li Shenghai'
(1. School of Mining, Guizhou University, Guiyang 550025, China;
2. School of Agriculture, Guizhou University, Guiyang 550025, China)

Abstract: Aiming at the existing problems of landslide semantic segmentation network of remote sensing image, such as large
number of model parameters, slow training speed, fuzzy recognition of landslide boundary region, and differentiation of multi-
scale semantic information classification of remote sensing image, this paper proposes an improved lightweight semantic
segmentation model of RTformer. The cavity convolution attention ASPP module and channel attention SE module were
embedded among the modules at different levels of the model to capture semantic information at different scales and to enhance
the feature representation ability and improve the feature extraction ability of the model, making it more suitable for landslide
remote sensing image recognition. Cityscapes data set was used to conduct comparative experiments on the expansion rate
setting of the cavity convolution in the model and different batch sizes to obtain the optimal solution. A self-supervised training
task was designed using the Bijie landslide disaster data set as the pre-training data set, and the model was fine-tuned and the
segmentation performance of the model against the landslide disaster remote sensing images was tested. The resulting model
achieved the best performance on both Cityscapes dataset and Bijie landslide disaster dataset. Compared with the original
RTformer model, the mean crossover ratio (mIOU) of the two datasets increased by 2.26% and 4.34%, respectively.
Compared with the classical semantic segmentation models such as FCN, U-Net, DeeplabV3 and SegFormer, the improved
model realizes the recognition task with the fewest parameters and the fastest reasoning speed, and achieves the optimal
segmentation effect.

Keywords: image processing;landslide detection;remote sensing image;semantic segmentation;attention mechanism
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Table 1 Configure data sets
I Cityscapes £ 4 BT W S B 4
train_numbers 3 500 6 020
valid_numbers 1 000 1720
test_numbers 500 860
image_size 512 X512 512X512
iterations 120 000 120 000
optimizer AdamW AdamW
strategy Polynomia 1Decay Polynomial Decay
Batch size 8 8
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Table 2 Improved model accuracy under different
expansion rates %
ik % Kappa Dice PA mlOU
1.3 94. 43 85.00 95.72 75.06
3.5 94. 42 84.98 95.70 75.12
5.7 94. 51 85.15 95.77 75.37
5.9 94. 22 84.42 95. 55 74. 40
5,11 94. 42 85. 10 95. 70 75.23
7,11 94. 48 84. 94 95.75 75.05
9.11 94. 46 85.08 95.74 75. 30
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Table 3 Comparison of model performance under

different Batch Sizes %

Batch Size Kappa Dice PA mlIOU
2 93. 07 80. 06 94. 67 68. 47

4 94. 51 85. 15 95.77 75.37

6 94. 81 85. 94 96. 00 76.43

8 95.00 86.92 96. 15 77.87

30 TF Rl ST 6 % A4 AR T S B 2

AT B TR AR AR Y 04 R L 7 A (] S5 S TR R AR S
T4 3l 5 FCN, Unet, Deeplabv3, Segformer, RTformer
A2 TT U 2% TEA TR S 36y B o AR AR 1 T T S 3, 7R
Cityscapes 45 42 F1EE 47 T BB 4R L SR 45 T

M2 4 AT LA B, A SCH ) Bk AR L 7E Cityscapes
Bl i BIBORIE B T el mIOU 3K 3] 1 77. 870,
M T 15 5 4 A K FCN, Deeplabv3 . Segformer, 43 5l 2
F+T 10.16%.9. 31 %1 6. 80% , 7E FL AL AL A RTformer I
RFFT 2.26% , 27 B AU RE A2 i 480 1t T B4R P i H AR
WIS ETREZRAARSNESE,

Fz 4 Cityscapes IIEE T I HEEBE

Table 4 Precision of each model in Cityscapes dataset

%

Y Kappa  Dice PA mIOU
FCN 93.53 76.51 95.01 67.71
Unet 88.59 59. 57 91. 28 51. 23
Deeplabv3 92. 88 77.98 94.51 68. 56
SegFormer  92. 99 80. 15 94. 61 71.07
RTformer  93.68 83.60  95.14 75.61
RT+ASPP 94.44 84. 84 95.72 77.40
RT+SE 94. 39 85. 96 96. 68 77.55

Tish Study ~ 95.00 86.92 96.15 77.87(2.26 %)
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Table 5 Comparison of indicators of the improved model

with or without pre-training data

LD TN GARR FNGBR A HA
mlOU/ % 98.03 99. 52 +1.49
PA/% 99. 57 99. 89 —+0. 32
FLOPs/G 16. 91 16. 91 —
S E/M 16. 87 16. 87 —
WS e B/ IR 8 500 8 300 +200

IR ET A I g T S Ak B AR 700 78 S 24 52 9 L
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Table 6 Accuracy of each model in Bijie landslide data set

%

15 7Y Kappa Dice PA mIOU F1

FCN 87.93 93.97 97.45 88. 97 93.98

Unet 76.05 88.03 94.81 79.78 88.03
Deeplabv3  94.27 95.64 98.15 91. 83 95. 64
SegFormer 94.95 97.47 98.91 95. 14 97. 47
RTformer 95.00 97.50 98.92 95.18 97. 50
RT+ASPP 96.92 98.46 99. 34 96. 99 98. 46
RT+SE  96.93 98.46 99. 34 97. 00 98. 39

This study 98.56 99.25 99.89 99.52(4.344) 99.20
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Fig. 5 Experimental results of Cityscapes dataset
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AR A SR AR Y o AR R AT T AT A TR R
T2 e (mlOU) Fh 2k 18 (Loss) 281k & L, izul‘&‘l 7
8 AR » Loss {H & FH R DAk AR 750 70T ) 245 SR 5 51 B &% IR

80
70 |
60

50 F

mIOU

401 7

—— Deeplabv3

-=- Segformer

—— FCN
RTformer

— X

30

20

0 L L L L L L L
0 20 000 40 000 60 000 80 000 100 000 120 000
AR
(a) Cityscapes_mIOU

1) 22 S (0 5k, — BT 35 BRI Looss {BL T8 MR A 5L R4 1) T8
IR S PR R BT

35
—— Deeplabv3
30 % e Segformer
FCN
RTformer
25+ — &x
w 20F
8
—
1.5}
1.0F
0.5

0020000 40000 60000 80000 100000 120 000
AR
(b) Cityscapes_Loss

Bl 7 Cityspaces %4 4 52 56 15 F2 v] ¢4k

Fig. 7 Visualization of experimental process of Cityspaces dataset

SRSER A SCETIR B 7 R AE A BRI R
/N Loss AR L34, HIF Bt TR E .k T2
A 11 AU , 10 B ot 4SS 10 LA O o I 0 BORGE E . (E AR
B, T o B e, B AR H R AR 7E R R AR 4R Y
mlOU 3£ 3 25 A H [, (H S bAS SO $2 0 09 7 12 19
mlIOU B % 5, o H7E 570 W 3 800 45 B R b o B 4R
PR B AR SCHR I U ik B R AR Y A EDRG E R R
FEE

* 156 -

D IR AT F BE X AT

W 7 FraRs XL S8 0 JL AR BT A SCHE
PR SRR B AT ROR AT T X b, L UNet,
Deeplabv3 . Segformer W % i S B m K £ . B T KK
IF M8 B (GFLOPS) 43 51 2 128.88.162. 71.85. 53 G, 1M
RTformer 7 16. 89 G, s #ERE T 16. 91 G BT Y 77 T #E
15 M, Segformer % &% K, i 64. 01 M, Deeplabv3 & % ¥k
Z .4 39.13 M, RTformer & A1 i AR ) 54 16. 87 M,



‘E\a

B F A T2 E S &S RTlormer 89 7 H i & B 1445 Lo 4

100 1
A~
P N AV AN
80 - o PAP PN ANV A
¥ LV VA
Y P
60 -
j=
=]
=
g —— Deeplabv3
40 == Segformer
—:—= FCN
RTformer
— XX
20 ¢

0 L L L " £ L L
0 20000 40000 60000 80000 100000 120 000

AR
(a) BUIE_mIOU

P
21 M
l4r
—— Deeplabv3
LYy e Segformer
12 FCN
RTformer
1.0 — &X

Loss

»"hmlwmum.m,.,.,m i X
20000 40000 60000 80000 100 000 120 000

IEARRBL
(b) BIUIE_Loss

Pl 8 BB I I A 4R S g AR T AL

Fig. 8 Visualization of experimental process of Bijie landslide dataset

R7 REEZEN

Table 7 Comparison of model complexity

il GFLOPS/G Parameters/M Computation time(sec/10iters) mlOU/ %
FCN 18.59 9.67 3 88. 97
UNet 128. 88 13. 41 5 79.78
Deeplabv3 162. 71 39.13 3 91.83
Segformer 85.53 64.01 5 95.14
RTformer 16. 89 16. 87 2 95.18
A3L 16. 91 16. 87 2 99. 52
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