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Building Damage Assessment from Satellite Images Combining Global-

Local Features and Dynamic Error Supervision

LIU Zihang' LIU Xinyi' ZHANG Yongjun'

1 School of Remote Sensing and Information Engineering, Wuhan University, Wuhan 430079, China

Abstract: Objectives: After a disaster, it is essential to quickly and accurately assess the extent and severi-
ty of disaster area for subsequent humanitarian relief and reconstruction. Traditional damage assessment
methods are constrained by time efficiency, labor cost, and accessibility. In contrast, satellite images can
quickly obtain the real situation of a wide range of disaster area, and gradually become an important data
source for building damage assessment. Automated building damage assessment from satellite images relies
on deep learning methods, but current deep learning methods face challenges such as insufficient modeling
of feature differences, inadequate utilization of global-local features, and lack of difficult sample perception
ability. Methods: To address these problems, a building damage assessment method based on global-local
feature fusion and dynamic error supervision network (GLESNet) is proposed. At the encoding stage, the
dual-temporal image features were extracted by a shared weight backbone, and the features were sent to
the difference enhancement fusion module to enhance the difference between the features, filter out spuri-
ous changes, and obtain the fusion features. At the decoding stage, the fusion features are passed by the

vertical and horizontal global-local feature fusion modules and the dynamic error aware decoder, to fuse the
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global and local features and percept the difficult samples. Results: The proposed GLLESNet achieves
86.03% F1-score of building extraction, 75.20% F1l-score of damage classification, and 78.45% overall

Fl-score on xBD dataset, which is currently the largest global level high-resolution satellite image dataset

for building damage assessment. Conclusions: The quantitative evaluation and visualization results are bet-

ter than other advanced comparison methods. Ablation study verifies the effectiveness of each module.

Transfer experiments and change detection experiments carried out on the Ida-BD and LEVIR-CD datas-

ets verify the generalization of the proposed GLLESNet to different data and tasks.

Key words: building damage assessment; change detection; siamese network; feature fusion; satellite

imagery
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Fig. 1 Global-Local Feature Fusion and Dynamic Error Supervision Network
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Table 2 Quantitative Evaluation Results of Comparative Experiments on xBD Dataset/ %
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Fig.7 Visualization Results of Comparative Experiments on the xBD Dataset
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Table 3 Setup of Ablation Experiment

MR Base DFEM GLFFM-H GLFFM-V DEAD
GLESNet-1  ~/

GLESNet-2  ~/ NG

GLESNet-3  ~/ NG N

GLESNet-4  ~/ NG N NG

GLESNet  ~/ NG N NG N

F4 xBDHIBEEEHMIWESITNMER/Y
Table 4 Quantitative Evaluation Results of Ablation Experiments on xBD Dataset/ %
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Fig. 8 Visualization Results of Ablation Experiments on xBD Dataset
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Fig. 10 Change of Each Evaluation Index with the Proportion of Fine-Tuned Data in Transfer Experiment
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Table 5 Quantitative Evaluation of Transfer Experiment Results on Ida~-BD Dataset/ %
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Table 6 Quantitative Evaluation of Experimental Results
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12 7R 1 A8 A A 0 S5 55 04 358 43 AT AR
LR, B — AR TR NF A N
Py HES 45 A B 55 I 25 S LA L s 3 RE A
Shy Y T M 4R B AR Ak IX B, i GLESNet X} 5 B
O 4R O Ol R . A = DUAT BOR TR SR R A
2 HESY HE S N BORL R Y 25 5 3 TS B
FEER Mk T a0 1R SR T &



1900 RO K R (8RR

20254£9 H

by 2% B 5 5 TR B 5 R T 40 T R AR
i1 GLESNet BB 7240 8 & 1 F SCfF B, SC 8
A5 Ak DX B A T A . AR AT R TR R R
ALY BRI R T8 R O v I R e b K
PEES b N SCOCHR ST R BT K ALY

(c) b2
W EERR R O R WG E g
K12 LEVIR-CD ¥fs 4 A28 A6 I 52 56 25 58 vl 1 4k
Fig. 12 Visualization of Experimental Results of Change Detection on LEVIR-CD Dataset

28 WRESHEESHENSN

AR SCHE— 2 A T AS [\ 07 2 i B R 5 %
s s, kb, L 512X 51248 Z4F 5
)% A K/, B ResNet-34 7 i GLESNet ()1 +
D 28 o AR SCE A S 85 RN TR A5 A R B S A B
i e AR 5T S R I i R A o A AR Y ) S PR
BATRCR . Horp ki g Ok A A g RD ] Ak 2
) B KR FEA i A8 . ARy ik iRl &
AR JEFNIB AT HOCR MG R WK 7,

RT TEAFENERERETIEITREILER
Tab. 7 Comparison of Model Complexity and Efficiency
of Different Methods
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