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Revised  June 20,2025 Building change detection (BCD) is essential for urban planning, disaster response, and
Accepted  June 30, 2025 environmental monitoring. Existing datasets, such as WHU-CD, LEVIR-CD, and SYSU-

CD, as well as overseas satellite imagery datasets, have limitations in reflecting South
Corresponding Author Korea's distinctive high-density urban morphology. Domestic aerial datasets, including
Junhwa Chi Al-based national park change monitoring and urban BCD datasets, also suffer from
Tel: +82-51-629-4615 varying sensor resolutions and limited applicability to satellite-based monitoring. To
E-mail: jchi@pknu.ac kr overcome these challenges, we introduce a high-resolution BCD dataset based on

Compact Advanced Satellite 500-1 (CAS500-1), launched in 2021. This dataset utilized 0.5
m/pixel satellite imagery collected from 2021 to 2024 across diverse regions, including
Seoul, Busan, and Daejeon. The dataset construction involved precise image alignment,
RGB band synthesis, histogram stretching for contrast enhancement, and polygon-based
labeling to identify urban changes. Additionally, format conversions were applied to
ensure deep learning compatibility, generating 3,803 paired image patches (256x256
pixels). To validate the dataset, we employed ChangeMamba, a model integrating a
visual state space model for spatiotemporal change detection. The model trained on
our dataset achieved an F1 score of 0.79 and an intersection over union (loU) of 0.66,
outperforming models trained on different BCD datasets in cross-dataset tests, where
the latter scored significantly lower (e.g., F1, 0.18 and loU, 0.10 for the model trained
on LEVIR-CD). Moreover, our dataset demonstrated improved consistency over domestic
aerial datasets, which often suffer from heterogeneous resolutions and limited scalability
for long-term monitoring. By leveraging high-resolution satellite imagery, our dataset
provides a robust alternative to both overseas and domestic aerial datasets, enabling
precise urban monitoring with reduced reliance on aerial surveys. It serves as a critical
resource for advancing BCD research in South Korea. Future research will focus on
automating the labeling process, expanding temporal coverage, and improving model
performance through reinforcement learning on pre-trained models using this dataset.
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3} Ex](change detection)+= o|u|x] B4 Hof = 3}
Uz F 7l ol4f9] oJulA|E Hwsto] AIRHE, E714] Zfold
A A HStE APEsh= 7]€olth(Singh, 1989). ¥4
Al ZoFolA= A= HE Al7I0] D5 94 8T 5 A
g-83to] 54 AHo A7t wE HskE A5 o]
e oY HUEY, Ad B, 24 A, Y 5 o

oFst Holoj A -8 = th(Dueker and Horton, 1972). <
TAske] 7H4atke Hefd H oju]A] &4 R e] ol wh
2t ¥l g4 7<) $84Y &8t 5] S8l
TH(Shafique et al., 2022).

HEA0| W3} etx] Wb o 37 WAl 7]utm} A% 7]dk 5
o2 FEE T4 7 uhie v gAle] g JEE

H|walo] oJu]Z] X}E(image differencing), vl 7€t W

) rLlIo

A
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H(image ratioing), & E4(principal component
analysis), tP¥H&F W3 gX](multivariate alteration
detection) 5& 53l W& 43K (Singh, 1989). o] ¥
H2 Al4to] ©hestar A A Q1 e} g 7F 7HsskA N I A
2t A TAG AR dgks FE0] BEYSHA] 2ol o]
Zof FoFshH zxrg Wshd AEA @Rlo = QIgt oA 7}
5730] Atk (Benedek and Sziranyi, 2009). ¥FH 2] 7]
R QS vl e AA 9elE EES & i A
Ao EX(FE, A4, A 5)= A5kl BlsE '
(Blaschke et al., 2016). o] W& 37+ ”—1@.’
o] At W3t A7} 7Hesh s E F
tAolc}. Tt AA| B (segmentation) ‘474101
nE Aol Axto] 2 JFE nAH FAYPer HA
ol 2J&3sto] E343t g0l Als AHtehr} ojfth= A
Qltk(Daudt et al., 2018).
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FZ A3A 5 (artificial intelligence, Al) 71&9] 424
ot A} wlHoleo] it A FHoE HEHQd ¥
3t g4 71¥9 SAE SEshe deld 7|5 HHEC] &
5] A= QItH(Zhu et al., 2017). E3] TAF AFY
(convolutional neural network, CNN)I} ESHAZH
(transformer) 7|8t REl=0] ¥3} &4 5= A7

Ak CNN2 olm|x] f E4E /dF(convolution)T &

w

D(pooling) A4tS F3ll FEokaL E4T s 720
2 skl +22(LeCun et al., 1989) =440 &4

5ol o] Qlof 7] |eid 7|9k ¥l g4 AT

2] 8o} gt ¥l FRoA = A 19 AAE |

= S+ convolutional block attention module®}

J&m_ﬁ 1ok

2 attention HAUES &85t F7H4 € g HF

oA Fa3st EAL Axo 2N L E HAtH(Woo et
al., 2018). t3EAQ] CNN 7|9t §i5} &2] HEl == STANet
(Chen and Shi, 2020)7 SNUNet-CD (Fang et al., 2022)

5°] At

ERATH= Y| AFo] A2] Eofof| A AlFtE]o}(Vaswani
et al,, 2017) th3 ¢lo] REE WXt FLet 52
ol 1 a8 & 7Hs4HS AFLU2H(Brown et
al., 2020) vision transformer (ViT)e] ¥4} A AF
B Bl 9l AATAL Fopol M e Zds] AFEE AL Qlk ViT

718k A3} g1 2L self-attention WAYUS S 835}

o Z7HA-A7HE BAS GH 0 2 SHGoh A B
S & WHY3tH(Chen et al., 2022). CNN 7]9F Zgllo] <-4
A EAG 27 4ol HH VITE AA oju]xoA &8

o < st #st g7t 7t

o] ViT 7|5t ¥} €% ¥ &= bitemporal
image transformer (Chen et al., 2022), ChangeFormer
(Bandara et al., 2022), Changer Al&]%(Fang et al.,
2023) 5°] et

e SLxdnk ofye} ohsy lofelo] it A2 ¥t g
Astrof A-A9] JeF2 v|Zth(Peng et al., 2019). H

3 7] T} AT TE 949 S7IE QIS IS A
/g Bllolelof gt Aol ZA FFEUAH. WorldView,
Pleiades, GeoEye®} 2 th5 £33 1o H’ﬂg Ely
AR B FHS AT FRE &8 4 A H3
(Loghin et al., 2020) o]&= @& 7|4t T4t 949 G4
Hol g4 AG-E 7HESlekal =S HYEY, Ad oS, &
73 W3}t 1A & et 88 #opolA o &8 7Hs A= =0l

QItH(Yin et al., 2023).

7|1& H3} B2 A7LEL F=E Google Earth (Google,
Mountain View, CA, USA), Land Information New
Zealand (LINZ)®} 22 39| EFZ0A Al5st= 94 9
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g AEY 5 Aol digt 3 T Y 94 FE B8
af ket Wk gA) wE Aol &8
ElAl0 2= WHU-CD (i et al., 2019), LEVIR-CD (Chen
and Shi, 2020), SYSU-CD (Shi et al., 2022) 5°| Stk
(Parelius, 2023). Table 12 tj®#2Q1 Il W3} &4 Hlo]
EjAlof thgt Algoltk. WHU-CD& 20114 A Fwdss
Agto] AEAZ] AGof A WA A% o] F TA] B 3}
A 7123 2 JAL 7|to 7 & dlojglAlolth 7|
2 ubg 0|5 of 19 %91 20124} B} A B i 19gH
20160 #FE FF FALRE /o] et AR FF o

—

t]Z]+= 0.075 m/pixel®] W¢ &2 7t PAEE 7HAARE
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H o] AlF-Hr} o3t E/443 F4 gl A& Hal g4

Het ofyet 271 o] B4, Ajsf E RUEY SOl &&
ot LEVIR-CD<= Pl 8AtL 5 S22 751 94
G/ dlelElAleltt. 2002875 2018 Atelo] 94 F/d=
7|¥ko 2 5} Google Earth APIE &3 8= At =4
H @42 0.5 m/pixel?] Tt HFEE 7HAH ZAIS} 2
oA FAg Hsts A2 F2 QA" Q& Fojage],
H| Alo] B 5 of2g] EAIE ZFslaL et o3t AHES
Al At o] Eis] AP AGo g AL A%
I} FARL 22 Q1914 Wkt widls] Wit E3 94 4
9] 7HA0] 50l A 1410 2 theFsto] TA| 7] A7]& ¥
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Table 1. Public change detection datasets
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Ui Hlo[EAl e 2= A5 B ARSI XS Y(National
Information Society Agenc NIA)Oﬂlﬁ A&3l= Al 74t
THTY HI} HA HYEY 5 f8 +5E EA ¥
E A58 EﬂO]EWl(National Park Change Detection
Dataset, NPCD; NIA, 2023)%} 38 G4 &A1& Hs}
Er2] glo]EJAl(Urban Building Change Detection from
Aerial Imagery, UBCD; NIA, 2022) 5°] &A%t
NPCD9| A% 75, &, = &, 35 A 52 &F7et
TI/AE B QA HolHAC R IPFd W B3 E 88
20 2 gAlsp7] 93t BEA| 9 AE 2 W Ha} A gX]
A E Y 5ol o[- &Htk UBCD= W TAloA2] A
& W3S gAok= Al 71 /i 915 A= QI 55

= Agcte &Y AS5E9 A9 o] dEHE
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=59 A 4l Hoh 2] FaE|E S ek U S
=
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sfejo] ARl Al 7HA] AJAIE 3t 7|E W3 HA |
oA EL & AT 549 A{FEL AHES 585t
™ GitHub (GitHub, San Francisco, CA, USA) G
Drive (Google) & &3 37182 & o] 755t o]
= EﬂO]EWJ*O* AL A1719] 914 9= Eebolal FE o]
£ 9 34 ZA7HA A ASTOEN Tt s HA] B
o] ¥ixjute #E0 & de| SEE L QU T4 o] & T
k3t glo] o] xatw]o] 9o E4 x|
of Zgte 4 O] b= A} Ut

IE W, 22 A% UYE,

Google

ohE %
% 5 1§ Aeid, EAH E4S 71 9]
712 20 delEAlat ol uto 2 FelE nd ol

9O o
AE F23] sl ot WAL AR, B8 712

Dataset Period Spatial resolution Region Image size (pixel)  Image pairs Source
WHU-CD 2012-2016 0.3 m/pixel New Zealand 512x512 1,960 Aerial photos
LEVIR-CD 2002-2018 0.5m USA 1,024%x1,024 637 Google Earth
SYSU-CD 2007-2014 0.5m Hong Kong 256x256 20,000 Aerial photos
NPCD 2021-2022 0.1-30.0 m South Korea 1,024x1,024 50,000 Various
UBCD 2015-2020 0.1m South Korea 1,508x754 50,779 Aerial photos
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T GFeRE =0 Qo] A&ZHo|al dE E-8o of
o] ok FF Y2 ] HoiA= A7 E FH]
£ 3AT 37U EEZ E85fof ot Fdd #F AE
T A2 7o) I e3ltHKang et al., 2014). o]&|st A=

B 99 8T e AF A

- 2 avshe Ano
2442 gloje] SH7} ofgl T 4714l Hold AALE A

it

r&"
2

olZgt FAE FHESIL Wl AHH EAHS
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Aol oA T 333F A4l advanced earth imaging
sensor system-compact (AEISS-C)7} A =]o] glom 3f
G AllA= 450-900 nm 3 910l A 47119 23 Y (red,
green, blue, near-infrared)& ZA|$tt AEISS-C A=
m 37 =S OF 8 T 0.5 m 37t A=
%ixé*—‘.‘(panchromatid FAZ Al AlFst=t ol 71
& 9] A& 914897 Blasto] AR Sl s dEelth =
EQAS #= Z2 9F 12 kmE 4.699] A F7
&L Agof gt 7714 #Z0] 7kl
SEAYGEY FEAGAEHA A= SEHY 5
531 0.5 m 3%t 3}]’2}594
DA o= B3 gALS AgAST) o]E ZEAHEZHE
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ﬂﬁ% e

1€ &5l
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&otoith 535] ' F29 AAE EAS afder o
A5t7] f18 0.5 m =] 7HARA 4 370
green, blue)E A3t o]t MAE FGAFS EA| Y
=0 ¥t S-S AlgstA TSt AT 7|5t Heh g] &
1EE0] oy 9 Aol Aet Alm = HHEoh
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o
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2.2 Xz 4
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, W3} X2 a0 g 45517 Qs
SHsh FAH 2 AR
TE A /LA FA 3
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=
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AA

WP} RS B 4

A eEEo] Y =9 AlA £ ofgA =
TH(Harinath et al., 2008). Fig. 1= A& thE roll tilt gt
(0.34°, 11.83°, 26.68°) 2.2 FJH J/F9 A1ZH4 2}o|¢}
A& Eolof W& JdF= HolEt

Fig. 1A, D& 7 22 roll tilt 350.34°)& 2t= JAo
& A= #olot BAgle] Azl 7HEA 5]’0:‘5101 AAE
Aof| A3l=]o] Itk Fig. 1B, F= 57 &Y roll tilt %I

(11.83°)2 Zr= JAjo g Fo AEL H|wE OJXJXJQE Z

9] o] Fesh eht
oFS z#sltt) o]yt Y

2% Fol]

2 A3le A5t

aip}_o:l_7] H—SH E"o]Ei}ﬁl F= EHAO Z]Q_‘j —]X-] /\] roll tilt %}]:

9]

o7k AL G e SHH O Tttt B3] 1%

o] 2AE =A AQAE roll tilt gk2] ZHo]7F 10° ©]

shel Aolg Austo 24 29 2% Folz At 04
skt WS} 9A9) ASAS olaAt sheick A7) 4%

7|E& A8t A, did 5 A= HFd =A S

Ao HEA

HENE

27709 Ag e #F

Fig. 1. Differences in building images caused by roll tilt angle and building height. (A) Low-rise, near-Nadir (0.34°). (B) Low-rise, medium roll tilt
angle (11.83°). (C) Low-rise, high roll tilt angle (26.67°). (D) High-rise, near-Nadir (0.34°). (E) High-rise, medium roll tilt angle (11.83°). (F) High-
rise, high roll tilt angle (26.67°).
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2 3 HIo|EA 115

A FEY QYo ERE A& W gA] Al 29 5
ol At HloeAl 5 IF2 YA WA, FlolEd,
2] = 9 2A3lo] Al DA = P ik

A A SAQ Y AAE IOl A= red, green, blue
(RGB) HHE g/dofl tisl W= 3+ 2Fds S~3sto] RGB &
3 Q&= AZSIAH. RGB M IS A7H9] A1 Q14
AARE frAFste] AAR1 sfAo] 7hsst Y4 F4d 71Nt
W3} ] Ao A EFZ 0 2 g floleAl Feolot
(Bliylikdemircioglu et al., 2022).

ojojA A= ThE A|7]of ZFH I 7 FEe 3 A
32 9J5fl Georeferencer =7HQGIS, Griit, Switzerland)
£ &-8oto] Athd 7ot HAE $35Hith o] ZgollA=
Fd AA

O

oF 207H-°4 71%&%(ground control points)<
FZAIA A6 22 BHaFAl(polynomial)
%5—]. A}, 23} thFAl 78t 7)ekelA muE
< AfAo R HASHHARE ALt G
g0l ot YA A2 7|5t HAo| de] &8+ ot
(Zitova and Flusser, 2003). o8t A 7|of B4 35S
B M= ThE A I 7 7IskeH] AR EEskL
T 9je] ekt ‘i@} A7} 7hsgt 7|k nhe stk
o] E3(labeling) Il A= A 715}
HAo] &hrH + ’\]7]4 V= SRte g H|sto] A&
3

L A5} o] & W

18, r—r‘

FAle] Bejro 2 AushA AL, o] BeIlE A%
o AAE Wes| el B i) ekt st ol

Al A @A B4E ol Yolset RGB GAS
7Rko 2 314 dold Hast 4e sustaich WA A
AL 256x256 B4 2719 FAF TelER BT F W
s} EFE G AEH0E S35t o148 WHS
ARGk g 71 A4t BT 24 Wsh Bx 2Y
o] EIHS FUHOR Tefste] Agstelrt £ AT
A0l A8 2R E oY 3 7] gl EdHoz

A9 RS o5otes AA ojet Zo] HAE 4
ok FE5H B Al 2R 4 87 Ao H3]

+ A3k HolHE Agd sl Hab} gle 892
ALgte 24 S A B4 EAE Aol ok 8848
2t e

F7HH o= Held 243tE Fejg welshy] 9 s|AE
12 AEd A (histogram stretching) 71H< Z-&5F3ch

o] 7|He GAr9] S| AEIH ERE fxAsto] WY oy

l_-;o].‘:_
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2 PR 7| = Ui 0 2 W5} ool o] AjzhA] Ak %%o]‘;
o ZrtAolt}. o]2 53] wdlo] a3 We XL o o

a7 S5 4 QLEE Hlole BAS HAsS.

2.4 GO[ER HE

2.4 HaL EIX| 2E MH
T5E FESA 715 §i3F g4 glolEAlY] A 84S Bt
517] 91sl tHEAQ] F7) H3} A Hle]EAll LEVIR-CD,
WHU-CD 5olA i 20 AL E KBl g8y 7|8
W35}l &%) 29l ChangeMamba (Chen et al., 2024)&
&35t} ChangeMamba+s 7]& CNN ¥ ViT 7§t &
G} v wsto] A4k A&y A 9 Sk 20| FHol
ur USiAE 1 QA B4 HHE 28 E4Z A
L Stk
ChangeMamba+®
= Mamba (Gu and Dao, 2023) o}7|EI4E A|ZH4 o]
E Ao Agste= 23t Visual Mamba (VMamba:
Liu et al., 2024)Z QA7 E 9] H4] A QA F &3t} o]
VMamba 7|4t Q17 &= visual state space (VSS) 22
&5l 4 oA Ml st FH JHE anpHow
e =k
ARgSto] T AIZE 574 7] AlsTHA IAIE

ol
-

state space modelZ 7|HIO & 5

spatiotemporal state space &<

meEgich
ESH oA E4 < (multi-stage feature extraction)
WAE Bl /IEE-HEH oA HRH o2 TsidE &
EUo 2 AUt W3} &7t 7155t Fig. 2+
oA AH&3F ChangeMamba BCD 2@9] tjFH £
B4H 5 2T o7l ¥st g Yo & Eot= 7
H

welo] g ojulx| AAY) B, A B
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H/32xW/32xC,

H/16 x W/16 x C;
H/8 x W/8x C,

- . y
usion
block
sTss
© block

\
J

m
c
@,
)
S
=8
o
[]
=

1
73
o]
BN
-
v

Vss Vss
block block

Spatio-temporal token
generator

=

H/4xW/4x C,

Fig. 2. The structure of the decoder used in MambaBCD. Modified from Chen et al., 2024. Conv, convolution; STSS, spatiotemporal state space;

VSS, visual state space; BN, batch normarlization.

Aurs} Jsg aafsto] A 9
H gojgE 82 HER T3 Y HAE AE=Z B
o HFHO=E 3,042%9 AL dlolH, 761449 EHAE
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gl ¥t 94| 52 AFH o= Brs] S8 Ad
E(recall), FU%Z(precision), F1 A4(F1 score), inter-
section over union (IoU), kappa®} Z2 XS &3}
At A2 AA |7 et A9 F mdo] gls] 4
et HlgS el #2 AdE&2 Hdo] Wl o
2] i 2GR/ oujgit}. JU s Hdo] Hapr}
I AE3E 9o T AAE I AR 999 Ble S
e} Fl1 o= Adey A2 231 BH0 2 F A
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WSS A4 FoHAE QFRIE 40}
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Fig. 3. Examples of changed buildings. Columns represent different change types. (A) Newly constructed, (B) demolished, and (C) under
construction. Rows represent image types are T1, T2, and GT. GT, ground truth.
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Fig. 4. Qualitative assessment of building change detection using the ChangeMamba model trained on the CAS500-1 BCD datasets. (A) Large-
scale construction. (B) Small-scale construction. (C) Building demolition. (D) Missed detection due to low contrast (red square). (E) False detection
due to shadows or low light (red square).
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Table 2. Quantitative results of building change detection using ChangeMamba

Training set Test set Recall Precision F1 loU Kappa
CAS500-1 CAS500-1 0.76 0.83 0.79 0.66 0.77
SYSU-CD SYSU-CD 0.78 0.87 0.82 0.70 0.77
LEVIR-CD LEVIR-CD 0.86 0.89 0.87 0.78 0.87
UBCD UBCD 0.75 0.82 0.78 0.64 0.78
loU, intersection over union; UBCD, urban building change detection from aerial imagery.

Table 3. Performance drop due to cross-dataset testing

Training set Test set Recall Precision F1 loU Kappa
CAS500-1 LEVIR-CD 0.45 0.80 0.48 0.31 0.45
LEVIR-CD CAS500-1 0.10 0.71 0.18 0.10 0.16
CAS500-1 UBCD 0.19 0.05 0.08 0.04 0.06
UBCD CAS500-1 0.08 0.66 0.15 0.08 0.13

loU, intersection over union; UBCD, urban building change detection from aerial imagery.
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Meta Data for Dataset

Essential

Field Sub-Category

Title of Dataset GeoAl Dataset for Building Change Detection from CAS500-1

DOI The data are not publicly available due to privacy or ethical restrictions
Category Environment

Temporal Coverage
Spatial Coverage  Address

2021.10.-2024.06.
South Korea

WGS84 Coordinates  [Latitude] 32°53"13.51“N to 38°44'43.74"N
[Longitude] 124°4'49.16"E to 131°48'20.61"E
Personnel Name Junhwa Chi
Affiliation Pukyong National University
E-mail jchi@pknu.ac.kr
CC License CC BY-NC
Optional
Field Sub-Category

Summary of Dataset

Project
Instrument

The dataset contains labeled data for building change detection acquired from
CAS500-1 images. Each data pair is composed of a pre-change RGB image (T1),
a post-change RGB image (T2), and a corresponding binary mask for changed
pixels (GT)
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