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Table 1 Accuracy comparison of damaged building mod-

el detection result

Methods Precision  FI score  Recall OA CWIOU
FC-EF 37.1% 36.6% 3% ,‘a%% 22.37%
STANet 47.36%  47.11% 7522%  30.82%
DASNet 56.12‘7««33 %5.15% 80.4%  43.18%
FTN 7@ 79.24%  18.79% 89.39%  65.66%

SWSACNet  81.83% 80.8% 79.8%  90.64%  67.8%

44 HEASE

K

Fig.9 Prediction comparison of diﬁ’enl models

A% SCHE Y Y SWSACNet W5 FTN HE 28, 78
Encoder #8434 Swin Transformer #4% & ACmix, fifi
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W, BRXTILFTIN AR, AR E T ACmix+SWSFE
ACmix+FE. Swin Transformer+SWSFE = £ 51 /I 4%
P X RE SIS, SCUR S AR B LR 2. PRV,
ACmix Ml SWSFE (4 41 & (SWSACNet) 7&
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Precision. F1 score. Recall. OA. mloU I 3% &
T, FHE Swin Transformer+SWSEE 1 ACmix+FE F-
¥ 1.91%, 2.8%\ .3666% 0.815%. 3.81%.
ZE 5 1A, - gy¥h Hansformer+SWSFE 5 ACmix+
FE EW%E’J T FIN, {H7E Recall [/
FYONG SR, T BT ok 9 D B
B TR B, (A AR A I 2 e ) 4R

FIN S K 29 10 /0N, P44 gl P 4R 1 e 0k 1
0.5s. PRIk, ¥ 1 50 015 42 0 iy PRI LA A
PRI 5 0 A T O L S WA AR Hh i
SWSACNet 4 1 Ll gré&?& W%E, o A
Y, fEFE 10 1 HE

PR BB )
R = O A SRS, R

U Wi s.

&2 SWSACNet 2 pESLI0 25 Rt EE

Table 2 Accuracy comparison of ablation experiments with different modules

Precision F1 score Recall OA mloU Training Time Inference Speed
Swin Transformer+ SWSFE 79.97% 78.81% 77.68% 89.55% 65.14% 27.7h 0.41 (s/picture)
ACmix+ FE 79.88% 77.15% 74.6% 90.1% 62.84% 22.6h 0.32(s/picture)
ACmix+ SWSFE 81.83% 80.8% 79.8% 90.64% 67.8% 26.2h 0.67(s/picture)
FTN 79.7% 79.24% 78.79% 89.39% 65.66% 16.5h 0.22(s/picture)
swin
Transformer ACmix+ FE
L

& 10

45 %ﬁ%@ﬁﬁ?f@ﬁé%%ﬁ

B 1 AT F 1 th BRI ORI, X
2 RN T T 0 30 AT FT AL AT 11 T
o BRI, BRI AR A B (A
A RS B E S . A HT L
T 25 P 1 R T i b 0 0 5 g
22 WS R KT f B JEE TS A SRR B — PR, U
AR Google . GF-2. BJ-3 =25 544% 18] By k6
IS A1, 2 S AR LS B O B0 AR =
Bl 2 UL 30 5 B A A R (B TG 2

2

T il S B0 TN 245 3R % 1

Fig.10  Ablation comparison of predictions with different modules
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(F3), FHEUE A2 0 1A BAORS B A 1 42 225 . — GO, FARBR AR [ R K
Ft, Hr, SWSACNet., FTN., EQ-EF ¥ 1~3% Hiu By i ST A i?ﬁﬂbﬁ%%ﬁ@%%ﬂﬂkﬁ

R . FEARPIEET, e A AR K *T%L# TIX Ay W‘ﬁ‘ﬁ @aﬂl Afg o H b ik
) 2 () S5 o 1 ST Ah 3 5 B A AR X AR 25 1] A3 ’Eﬁc’l‘/‘{ﬂlﬁj‘ R R, R FF
mﬁ ik —2 [ Bk, BARLAE b s Vﬂ@xﬂﬂﬁvf Q&ﬁé’% LA H bR HL )
5 B B Gy X {5 3 SR 5 o B 3 A SR 0 5 ﬁ Q,\S\"
NS

(a) FER GF-2 (b) )5 BI-3 Ce) FFER .

(a)Pre-earthquake GF-2 image (b)Post-earthquake BJ-3 image (c)Feature map «

Bl 11 SWSACNet FFAE I AT #L L
Fig.11 Feature map visualization of SWSACNet

(a) FEHI Google (b) #EJ5BIJ-3 (c) T FHAbBS
(a) Pre—earthquake (b) Post— earthquake BJ-3
Google image BJ-3 image (¢) BJ-3image after

Gaussian Smoothing

P12 - b B S RO L

Fig.12 Image before and after Gaussian Smoothing

R3 AMTARNREEFREHES LHNXHEE

Table 3 Testing performance of five change detection networks in smoothing datasets

Metrics “
(i) SWSACNet c FTN DASNet STANet ﬁ'&‘ C-EF
rise c E\”\ LY \/,_1
Precision %ﬁwzfﬂ% 84.08%(+4.38%) 57.67%(+1.55%) 47 QS 5(%@ %9 et+2.51%)
R@« S 17%(+1.37%) 80.42%(+1.63%) 66.28%(+1.13%) 8@(}\ 37.51%(+1.4%)
El score 83.72%(+2.92%) 82.21%(+2.97%) 61.68%(+1.38%) %}S 38.53%(+1.93%)
\ ﬁ(‘:\ +0.8%)
95.19% ﬁs
0A 97.52%(+6.88%) 85.24% (+4, 77.31%(+2.09% ) 65.6%(+4.45%)
(+5.8%)
U 71.99% 69.8% 43.58% 31.5% 23.87%
mlo
(+4.19%) (+4.14%) (+0.4%) (+0.68%) (+1.5%)
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(a) Model inference results of Fevaipasa(base map pro%@ﬂ%y WorldView, yellow marker

represents collapsed buildings extracted by SWSACNet)
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36°44F 36°45'E

(b)  Nurdagi K05 BI-3 RA%, S HERRIT: 5 SWSACNet U3 (1 (B35 £ 554 )
(b) Model inference results of Nurdagi (base map provided by BJ-3, yellow marker

represents collapsed buildings extracted by SWSACNet)

36°37'E

e
(c) Tslahive RN REIR BI-2 851K  BEAERTE 0 SUSACNet IUBIAO SIHEL 5091
(¢) Model inference results of Islahiye (base map provided by BJ-2, yellow marker

36°38'E

represents collapsed buildings extracted by SWSACNet)
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Fig.13  Application of SWSACNet
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&4 SWSACNet 2 R B35 5 i
T&R]e 4 Testing of SWSACNet in different scenarios
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SWSACNet: A change detection network for collapsed buildings
extraction using multi—source images

Icn‘g,ﬁhg Dou Aixia"”,Wang Feifei’, Wang Shumln

«“«ﬂ

Abstract: Objective Change detection networks based on deep learning are w1de1y
collapsed buildings, as one of the change objectives, are rarely targeted for cha@%

%&s»of Earthquake Forecasting, China Earthquake Admmlstratlon
2.Henan Earthquake Agency, Zhengzhou, 45001

in %
@]\Qﬁ\\*
\3\)\’
ater monitor, urban change, etc.. However,
ction networks. This study proposes an end-to-end

collapsed building extraction model based on a change detection network ‘including the sliding-window feature enhancement and

convolution attention mix mechanism, which called SWSACNet (Sliding-Window-Shift Attention Convolution mix Network). Method
SWSACNet is an improvement of Fully Transformer Network (FTN). FTN is a network completely composed of Swin Transformer.
Besides, it has a unique frame, which involves four parts: SFE (Siamese Feature Extraction), DFE (Deep Feature Enhancement), PCP
(Progressive Change Prediction), DS (Deep Supervision). By encoding and decoding the feature of change objects deeply, FTN is able to
learn what the collapsed buildings has changed in two temporal images and suppress irrelevant information. ACmix, a blend of convolution
and attention mechanism, has been proved better performance than Swin Transformer in mainstream datasets. However, due to the different
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sensors, platforms, etc., the spatial heterogeneity of target features in different source remote sensing images will affect the accuracy of
change detection. Concerning this problem, we designed a similarity sliding window to match the feature maps of tw mporal images.

Hence, we replace Swin Transformer \Wlex to extract and restore earthquake-damaged features efficie ly of SFE and
PCP, and using similarity slidin to reduce misidentifications of collapsed buildings in dlfferent Nﬁx&z\ re the phase
bl%

of DFE. Result Takin ®hquake with 7.8 magnitude on February 6th, 2023, in Turkey a ding seismic
damage chan dﬁv dataset which consists of pre-earthquake Gaofen-2, Google 1ma@§ ing-3 images, and
ﬁ ere extracted based on the SWSACNet, FTN, STANet based on the Slamese mechanlsm DASNet based

colla

on&ual attention fully-convolutional neural network, and the conventional fully- convolutl?q)\e‘arly fusion FC-EF network. The
.8% and mloU of 67.8%. The ablation

experiments of the improved model indicates that SWSACNet obtains highest preet mong three structure combinations. Beyond that,

experimental results show that SWSACNet achieves the highest accuracy with F1 sc

by smoothing the BJ-3 image that has higher spatial resolution to make the gradient change rate of image pairs closer, we acquire a new
dataset and use it to retrain the five models. We found that the precision of five retrained models increases 1% at least, which also illustrates
that appropriately narrowing the gap of gradient change rate of image pairs is an effective preprocessing for models to recognize the
collapsed buildings. Finally, applying SWSACNet to three different data combinations covering Fevaipasa, Nurdagi and Islahiye area, the
results show that it achieves 60.84% of average F1 score. Conclusion The application of SWSACNet indicates that the model needs richer
pre- and post-earthquake training dataset and structural improvement to enhance its generalization.

Key words: multi-source images, deep learning, change detection, collapsed building extraction
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