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Abstract: Objectives: After a disaster, it is essential to quickly and accurately assess the extent and severity of the disaster

area for subsequent humanitarian relief and reconstruction. Traditional damage assessment methods are constrained by
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time efficiency, labor cost, and accessibility. In contrast, satellite images can quickly obtain the real situation of a wide
range of disaster areas, and gradually become an important data source for building damage assessment. Automated build-
ing damage assessment from satellite images relies on deep learning methods, but current deep learning building damage
assessment methods for satellite images 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 (DEFM) to enhance the difference
between the features, filter out spurious 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 (GLFFM) and the dynamic error aware
decoder (DEAD), to fuse the global and local features and percept the difficult samples. Results: The proposed GLESNet
achieves 86.03% F1-score of building extraction, 75.20% F1-score of damage classification, and 78.45% overall F1-score
on xBD, the largest global level high-resolution satellite image dataset for building damage assessment. Conclusions:
The quantitative evaluation and visualization results are better 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 datasets verify the generalization of the proposed GLESNet 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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Fig. 2 G Difference Enhancement Fusion Module
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Fig. 3 Global-Local Feature Fusion Module
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Fig. 4 Selection Scan Block
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Fig. 5 Hierarchical Multi-scale Convolutional Block
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Fig. 6 Dynamic Error Aware Decoder
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Lo = Lo + L+ Lo (27)
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R, Wk 1 P, HE9M5 xBD HIEEARAKESR .

LEVIR-CD ¥4 637 A%, 8 K/NN 1024 x 1024 18K, EDHEN 0.5m, HGEX
Z IR RIS BN 5 & 14 SEARSE . ZERE A 2 31000 NMEHP LB, GIEGHE. RN E %
SHERPERFYIRA . N GR/A0 R MR 7 A A7 445/64/128 X215

# 1 xBD #4455 1da-BD Hif 4 T &R B3R IWECE 211/ %
Tab. 1 Class-wise Pixels Count Distribution in xBD Dataset and Ida-BD Dataset/%

Hodrdk GBS Tt BB RNEE ] BB
xBD 96.1 2.7 0.1 0.1 0.1
Ida-BD 81.7 11.9 4.6 1.6 0.05

22 LHGE

ARCIGE 64 A7 Ubuntu20.04 3355 R 4T, CPU #4574 Intel(R) Xeon(R) Gold 6258R CPU @
2.70GHz, WAF 128GB, & NHA GeForce GTX 3090, 77 24GB. M%K% Pytorch HEZLSZHL . Xf
T xBD #¥a 5, MR IN 512 <512 B FEmA, #HERAN K8, FHIZE 50 %, IIZRIA{EH Adam
PAL R, WIEE 215 0.0001, R Z D57 I HGZRORNE, HODIEMFEN 0.5, B LK LRI E
7t 1da-BD #5045 EAOR 25 . X+ LEVIR-CD #¥a4E, W58 256 x 256 B &N, #itEK
/NK 8, FHNZE 200 B, YIZRHAIAE ] Adam TRAGES, WIS 213 0.01, RGNS S 2ok . T
BN AMARI 8 B 7 BRI AT, IRt B o B LR . BRIL . 408, = U sm
IR AT HE G B
2.3 EfriERR

N G AR R T LR, ASCRA xBD BEAEE I IER . 2R bR R @SR F1
OB SIS R, BRI F1 BRI VEN 05 0 a8 B K FL 308 g5
HUF1 0 8Odi 054328 F1 03Ot BT OGRS 7 2R E5 R, Bt ss T840 90 28 F1 403k
A . %2 F1 - Eoe LR
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2.4 XfLESCIE

N ¥6:4E GLESNet 7E 35 {5 VP AT 55 ERIL A, 76 xBD $edli 48 1P @ 1 6 E sz, %% Siam-UNet!'4],
ChangeOS"3), DamFormer?®), Dual-HRNet!'”). DAHiTra®! 1 BDANet! VRIS H 5 i3F 5455 DA 7712
PERXTEL. 2 2 SR T1E xBD 344 I+ GLESNet 5 A it ik ds e &xtth, W7 BR 75
fh ST AT ALt . 1R 2 ATRAE F], GLESNet 7E84K F1 fdifisr2 F1 BB T ek 4s
R, FELRGE R EA S AT 1.26%. TAERFHEI F, BT Siam-UNet Il BDANet »& —Fr Bty
%, B LTINS, A 9 RT RS SRR S, L F1 HE GLESNet /&t 0.06%#1 0.26%.
{E7E T B 450050 K45 R E, GLESNet M%) 28 — & RTF 1 1.91%. E&#54 5] £, GLESNet 7f£4%
AR A A E ARG R AR A R, U A 1.62%F1 0.96%, 1EH B 351525 BT Hofth 57k
0.22%, TELHIZA L, WIS T 10K T BDANet [f145

# 2 xBD B SEXT SR L E BN EE R /%

Tab. 2 Quantitative Evaluation Results of Comparative Experiments on xBD dataset/%

BRBEHIF1
MERE SRF1 BYUEEFL R %KF1

TiRtr  BERG  PERG TERG

Siam-UNet 75.13 86.09 70.44 93.71 51.23 70.95 79.99
ChangeQOS 75.50 85.69 71.14 89.11 53.11 7245 80.79
DamFormer 76.64 85.69 72.76 93.98 54.22 72.83 82.25
Dual-HRNet 76.76 85.85 72.69 94.42 54.81 73.66 80.10
DAHiTra 77.10 8591 7331 92.90 56.28 72.54 81.64
BDANet 77.19 86.29 73.29 94.96 54.50 72.67 83.75
GLESNet 78.45 86.03 75.20 94.49 57.90 73.88 84.71

K 7 Jos T XL SEER A e VE AT 45 R o FE5E — AT b, KB BT e i e R A5 B
FPOESNRE AL, TCIRAE R N AR — EUE RO SE R, R 0 @ S ol o L4 0 R P D e i
fi. BEAh, Bk GLESNet 4, HrAT X LA @RI /= 1 — 2 oM, R B 45 22 37 1 s
F, WAREL T GLESNet £E4& B S0 SCRFAL 7 T I UIEAE o X35 A7 22 T AL T AR bR X I i 50
Yo, IR KRG8, {H i § GLESNet A2 507870 3 78 70 A K ERES R 30, PRIBRE S Ik
By DX SR SR AR5 R0 X 58 = AT 22 N AR/ HAREE S, 1§ GLESNet B [F] i 3R HUR B
RAIE, TIRENS X 70 /N RS SRR, JF Bl SN E REREAS, Xt A7 b Ay Hefh vk ek
LI IS, thAERBIIEMER . X158 AT K VE B RE R HY), GLESNet B4 7 2R 25
FRE AN R BURFAE, IR 22 57 3 AR AR B OGE A AU DX I, DR L 408 L A T S %453 5 R0 PR SR 3
JU ], FEMLFEA FHERRBRECE S AN ML T T2 AT R 2 A KAINR A L, GLESNet #7]
PN HER IR B HAL 5, JFORIES B R TIiE, ER 5 TR B ABAF A RE ST -
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Fig.7 Visualization Results of Comparative Experiments on the XBD Dataset

2.5 jHRASCIE

N T HE— IR AT R EIE GLESNet Hff7G 250, o 9 45 v () S AR e 0 A T3 R s 36 AN o A, T
RSEIG R B AN 3 Fos. B8 1 yBEali s, i H GRS DFEM BV GLFFM-H ik, Jf
R T BSR4 3 F1 GLFFM-V fiidl, HAh 452405 GLESNet —#(. #4! 2 R /] DFEM i
TR S, 584K F1 BN 0.69%, $i45432% F1 38900 1.01%, JCH R BB A™ 45 28 54
TERERTE, 43 nlik 2.26%F1 1.02%. 84 3 FIEAL 4 BT GLFFM-H #1 GLFFM-V #&dk, )
VA 2 fE SR F1 B3I 0.8%F1 1.38%, EHIM 403 E4ETE 1.09% 1 1.93%. FFAETCHA% AT
RT3, EEBRAG T HIRTE 0.95%F1 0.85%, FERMARG T HHRF: 2.31%M1 3.89%. 2R
GLESNet #— I\ T DEAD, #HA 4 L4k F13£FF 0.89%, #4702 F1 $#27F 1.14%, HIE@siie
HUF1 3Tt 0.29%. 5E% 1) GLESNet — &R FrolIR 138 SCBOR nl &, 3950 1 rf BES5L 405 A0 ™ B 41 4
KA F1, $RTHIEFEIES 1.95% 1.61%. SR, & MR IS M 253815 1 1 i vERe 32Tt
FE4E ) GLESNet #h 78 1 ITA THRIAR B AN, AR T S T i 45

3 AR E
Tab. 3 Ablation Experimental Setup

M&AER  Base DFEM  GLFFM-H  GLFFM-V  DEAD

GLESNet-1 v
GLESNet-2 v v
GLESNet-3 v v v

GLESNet-4 v v v v



GLESNet

v

v

R 4 xBD M4 B8 R B4 4E SR %

Tab. 4 Quantitative Evaluation Results of Ablation Experiments on xBD dataset/%

HRGBEAFL

MERE  BHF1 BRIRRFL Rfh9RF1
T BERG  TERG TERG
GLESNet-1  75.49 85.67 71.12 93.70 51.05 72.58 81.95
GLESNet-2  76.18 85.61 7213 93.57 53.31 71.68 82.97
GLESNet-3  76.98 85.75 73.22 94.52 55.62 71.69 82.49
GLESNet-4  77.56 85.74 74.06 94.42 57.20 71.93 83.10
GLESNet 7845 86.03 75.20 94.49 57.90 73.88 84.71

Kl 8 JEon 1 IHRESEIR R o AT A R . B —. ZATATLAEH], DFEM HIIIASGE 7R Hdit
ANTEAG T BIR 73, SR ER T BE45 0 B B0 Y v SCRURII P, 17 BRI 22 S 14 0 Je ¥k 50 T L0
I RBER, GLFFM BESIRINE RUE B RSP IE R R, 8 1 S iR iR 7y
FFORUE T 45 R, DEAD BE—Bxtif & B3 ATIZ0E, W& IEHD R T @i ik, 5=
T, NFAET MRS, P SR I R R AT 15 222K, T DEAD
ORI 5 1 I S0 R o SR IR MERE AR ) 22 2], RIBERERS 1S B IERA Y 70 2845 R . 550047 DFEM K
IMABER T DAt g 7 IR AR T i RE R A d i flivh, GLFFM 358 T 4R AL I AE T, K
Hor S ER IO TR, TEMERE B, DEAD RAELAIBHIMERY, H—DH T L
PIRA A DR, RIS e Tt T 2 ST AU ROR .

AT E—5EB] DEAD A M, XN DEAD i X 2% 3k DL AL BE ) — gt
B\ DEAD 2 Ja HIZRLHEAT T RN, S5RME 9 Fim. B—ATKE

Pl 8 xBD ¥ S v Rl S 36 AT HLAb 45
Fig.8 Visualization Results of Ablation Experiments on xBD Dataset
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SR ER Oy I O N R IR . 5 AT R FRTE RN G AR, BN AR
L ETCIERTE, T 7RI 58 =479, BT RARERATR R TR SRS, LA
LA R FRTE AR TR, TR 28R 38 2 @ TR A s Bt . £ 58 D0AT R, RIEAR
BOABH, 25K BUE I BOIR I8 @ SV AS B AR A, AT i THEE ST R 2L« In A\ DEAD
10 2% T2 N ZRad R rpons S 4 O TR SR AT AN 17 B8 22 503, sk 1R IR SEREAC RO R RE T, TS
THT 145 73 R

[ 9 oy SRR R oy R4 AT AL
Fig.9 Visualization of Some Typical Misclassification Results

2.6 B

N T RFAERTE B HHE R EINGREAE LS 5t R IR RS RE,  DARS B0 Xy T8 /% 14 se i)
S, {F 1da-BD BRI & TR . BENLMEL 50%0 Ida-BD %4 [H 2 NIk, M N B%dE -
I3 MEREUSEE B 10%, 20%, 30%, 40%F1 50%E4T YIZRei i, 45 Rl 10 . B 10(a)2 &
P, @HIRE F1 A5 2038 F1 IR ih 2, B 100) 2 B M550 F1 25 H ARtk 2k . BT
Ida-BD Hdf 4 M B e AR R >, BRIk R A = AN 28500 Fl. & 10 FioR, TIZRRL
HYEN R A 2SI Flo W T@5HEH FL, BB E YA ARARLEE 30% 5035 1 i
I HEATE S| T xBD BHEEE ERIKT, IR SRR T, ORI AT AE 50K T i i B AR AR
€, HS5TNZBEYIRBR 2 R8N e X T80 FL, FIZRBCE I AR — B R R P 1
K, TORCEAIIARILERT 30%E040 & AR i g KRR, H R A 5 TN B E BT A6 A A LR AR AL
KEW . S5 F1 R A S BAARRBG2K F1 PR E AR AR —8 iRaI F1 B E
TR AR R0 FLo A TOACEWIAE AR, T 20 EE AT 46 A B 1Y 7 42 A £ R v 453
2SR FLARSA R, MiTE R0 L2 REUN . thah, TG E YT AR AL 1) I 2o Rt 58
Fha.
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Fig.10 The Change of Each Evaluation Index with the Proportion of Fine-tuned Data in the Transfer Experiment

N T ik 1P Al GLESNet T #VERE, 73 AIAEAREATIIAFIAEH 30%H 38 247 o 5L T, 5
Siam-UNet FICRIEAT T LG FERBATHORE, =& MR A B ™ E B . GLSENet M54
4325 F1 MUK F1BSA RS, 258 T Siam-UNet 1.68%A1 3.15%.. 5 KA ZEERE T @ HUHEE F1, Siam-
UNet 5 GLESNet {2 1% 6.6%, X & BT Siam-UNet {18 F 9% B 5245 I 25k ST AOAS R 30 47 2 S HRE BN,
BRL e 2 51 3 B S AL AR PEAS L S 300 . T GLESNet [a] I SR AR, BR A B 0 PEA5 4R 451
G, BRI 2] B T OB PR IRFAE AR 20T 30%HAE A IS , BN 7RI ROR A T 8UK$EF, GLESNet
FLEAR F1 8UAEI T 65.62%, Siam-UNet ) k F1 53] T 60%LL 1

% 5 1da-BD R IT R S0 L 25 AL BTN /%
Tab. 5 Quantitative Evaluation of the Transfer Experiment Results of the Ida-BD Dataset/%

EHRHRFIFL
ek seilma] ZPLE i BEFL BRREFL Bhn%F1
v 1747 2R PERG
Siam-UNet 41.56 7148 28.74 82.14 23.35 20.25
0%
GLESNet 4471 78.08 30.42 82.72 3153 18.24
Siam-UNet 61.05 76.27 54.53 81.36 44.54 49.34
30%
GLESNet 65.62 84.54 57.52 81.01 45.85 55.54

Bl 11 JER T 43 30%54E i 5 GLESNet il Siam-UNet [ 7> iTMALEE SR . 5 —1TBR TR
FAE TR IEE R T Siam-UNet SR AT AT AR SR BUZ SUOL B, DA AR A 00 5 5 X 3P e SUHR HX
BT R A WAL, T GLESNet T [F) I3 I XUR A AR, A SE BRI T @2 50 X3, AE 45 057>
KB EA — 2 HER L A2 55 AT A AEIE S 10 X4, GLESNet tBAERS TR Siam-UNet [ X 45,
I B I A 73 RS R X T3 = AT AR BOR 2 5T, GLESNet RE ORI T $72 22 SR HE 0 1) 52 B4
LB BT 70 A R — Bk, T Siam-UNet $2HUEE R AVRC BRI, R 70 845 SR vh AR g 75
FeE . 0 TR DUAT BB RN ST, GLESNet Aefs 58 B S UL B I RS A Fe B8, BN 5T
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Fig.11 Visualization of the Transfer Experiment Results of the Ida-BD Dataset

2.7 THAENSELE

N T kU] GLESNet Xf 2 M5 & 1, £ LEVIR-CD 4k TR 7 (B AR Al 52
3. 5 NP AT A St 7k b, o DMINet®), ChangeFormerSUf1 BITE7 &3 H &
BT, TFNet®®, SNUNetb?), TFI-GRUOZ S T BRI /1%, £ 6 JE/R T % Ji%4E LEVIR-CD #{
P P E RS R, REEHRIR EIBKT 5 4 IFNet, {H GLSENet £ A FT T fabr EEE T
ARG, RHREE LA F1 30 b s A 7577 0.96%, 76 5 4% 138 9 L b s Hh 3 Ath 753 1.41%,
EB] GLESNet 7E AL AT INAT 55 AR I tH B 5a 5 ) 1 e

2 6 LEVIR-CD $U3l 4E 78 AR 91256 45 L o 5 VPR %
Tab. 6 Quantitative Evaluation of the Experimental Results of Change Detection on the LEVIR-CD Dataset/%

W & AR EY 0A P R F1 loU
SNUNet 9832 9099 8505 87.77 80.05

ChangeFormer 9837 89.70 87.72 8868 8127

DMINet 98.43 9240 8503 8836 8082
BIT 9851 9213 8664 8918 8196
TFI-GR 9856 93.00 8651 8947 8237
IFNet 9862 90.62 90.71 90.67 8407

GLESNet ~ 9868 9448 8916 9163 8548
Kl 12 BoR 1 AR I SEEG (38 o e VE TR EE R . S — . TATEOR T ERBONE S, @SS
BONEBESEIN AR, JURO LE IR REBON AL S B A4 X 38, T GLESNet %152 55 A4 HUSE y




. = MTER I HRBFERL, ERMHPIBOVEELN R, T ERMBER N IE
W s R E TR I, B 5 R BIE SRS IR, 3R T AR R ATIR . T GLESNet fEf5 78
NEEGETER, SRR HER SR 5 AT RS TN KA SRR A R, T M
HIIRER OSSR BE B B SCR R, EEF NI T RIS, 2T BEE RO Ry
FOLHTIE R, W T UG R, HAFE—EMEA . 1 GLESNet [FI 455 1 455 B A4
TER, ATCE R B AR XK, IR BN R

P 12 LEVIR-CD #dfi G Al e 45 Rl #il 4k
Fig.12 Visualization of the Experimental Results of Change Detection on the LEVIR-CD Dataset

2.8 RBERESHEIH

A MAR T A F R R R R FE RS AT 33 . Mk, DL 512X 512 R AEEE
K/, L ResNet-34 £y GLESNet MM . ASCENLZHE (Params) HIFE Uz H % (FLOPs),
MSHFNTHH BN A YE AT AR R S B, Rt & (Throughput) A s AR (1) SLbrig T R0% .. H
R SO BILE BTN T Y (AN, 1s) AT AR ER [ oK BUE AR AR N ELR . AR R
R FERIEAT R MR R ANZR 7 Fros. WS REW], | GLESNet SR H 48 &AL 103E = ) 347 R ik fil
G, FERASHAEREHEGEER, FESHENTTEE FIERAE 28 m, T2 1EH
WMo TR AR R A 7E CUDA ZEHM L 14k, Btk GLESNet A5 m 1 &, AR T Siam-
UNet. GLESNet fEMEY G AR . IS AT R FNG B L RS T LU I~F1

K7 NIRRT I8 RIS AT 2% L
Tab. 7 Comparison of Model Complexity and Efficiency of Different Methods

=2 & il SHEB/M  FLOPs/G  &HME/ (img/s)

Siam-UNet 26.44 66.56 137.50



ChangeQOS 54.75 218.28 45.42

DamFormer 43.23 74.29 58.02
Dual-HRNet 59.54 91.27 4221
DAHiTra 14.18 47.60 2753
BDANet 44.33 158.35 63.85
GLESNet 40.49 81.74 82.00

3 & i

ARSCERRT E T 23 R R IR AR R A A VAL TV AR I 2 R R E AN R R -R AR
I AN 78 3 1 DR MR AR SRR N R ) R RS ) J, 3 T — B T4 JR)- JR) AR ALE Rl 5 A Bl A 0 M B P %
GLESNet [ B2 5 @ SN G VPG 7725 38 FEARFAIE A 9 B A 308 T R 72 (1) 24 P55 18 5 XU AR AIE 1)
ZE e, TERRRSRY B HUR J2 TR R F 4 )5 - =) SRR A 1 o s 2 AR B R 7, 2RI Z A8 24T 45 F1
A B 7 B A MERE AR AN 5 ), DR T TR ISR G 1tk Re . AHEL HAth Ze 3k 777, GLESNet 7£
SR F1 _E3RTE 1.26%, B0 F1 EIRTE 1.91%. XF LR, %98 Bl A (1 1k G A B 32T,
SEEEPERIAE AR F1 E3RTE 2.96%, TEHGIE F1 LIETE 4.08%. T8 6 AIAS ARG I 5256 1 1
GLESNet 7EAN I Ed b (072 4 e I TE AR AT 55 b 1Rad TP o SR, L AT 1 9 268 )11 4 75 2K s s <%,
AR SR EEE E SRRt a fridt— B4 Tt Rk, BETHET X BB 5 DAt AT 45 A o 1 2
55 B 7V DL B O . BT T 1 AR T A 1 e AR FT ) L A
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