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Remote Sensing Image Building Change Detection Method
Based on Multi-Temporal ChangeFormer

JIANG Youze, LIU Xiangyang
(School of Mathematics, Hohai University, Nanjing 211106, Jiangsu, China)

[Abstract] To address the issue of interference factors such as seasonal changes, climate, and illumination that
affect high-resolution remote sensing images of the same geographical space but different temporal phases, a
remote sensing image building Change Detection (CD) method based on a multi-temporal ChangeFormer is
proposed. This method uses multiple remote sensing images from different temporal phases and fuses the latest
temporal remote sensing image with multiple prechange remote sensing images at different scales for feature
difference extraction. Additionally, it focuses on both the comprehensive semantic features of the images and the
details of the semantic information between the images. This approach helps reduce false detections caused by
changes in factors such as season and illumination. Additionally, the method fuses the feature differences of
multiple prechange remote sensing images from different temporal phases and introduces a regularization term as a
loss function. This eliminates interference from nonbuilding changes and illumination shadows in the nonchanging
areas of buildings, thereby eénhancing the generalization ability of the model. A three-temporal remote sensing
image dataset covering changes from agricultural land to construction land is constructed. The experimental results
show that, compared to the current optimal BIT method, the multi-temporal ChangeFormer method improves the
F1 value, Intersection over Union (IoU), precision, and recall by 9.04%, 9.87%, 15.27%, and 3. 4%,
respectively, thus significantly enhancing detection accuracy. Furthermore, it outperforms classical CD methods in
terms of detailed information processing.

[Key words] multi-temporal; interfering factors; Change Detection (CD); characteristic difference; different scale
fusion; ChangeFormer; regularization
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Fig.1 CD network structure of the dual-temporal ChangeFormer remote sensing image

Arfr: Attention 8 HIEE J1: Q. K.V 735 KR
Query.Key, Value, 3 HEAHE K HW X C 4E)E;
Softmax ST BRI d e SEHEM RAVAEEZ . R T
%5 Transformer AL B (5 8. . ] MLP 22l 3 X3
HERLTFN

Fo=

MLP(GELU(Conv2Dsss MLP(F,)))) +F,,

(2

K Fo, 2 i 07 B85 B Fu 2 H IR TR I 09%:
fiEs MLP /8 MLP J2; GELU FRIR & Wiz 22 261
FALEIE s Conv2Dy s R X — 2 I RHIE
BI#EAT K 98 4 5 09 N R A, 7E 4k B2 2 1 B A
SR 7 X7 505 4. Padding Ry 3 1)
BRUZ AR 3X 3.5 2, Padding 2 1 1)
EHZE . WA ChangeFormer 53 T 15 43 )2 9
T2 i 1 R 110 22 S, s L R

Fiiiff:

BN (ReLU (Conv2D;., (Cat(F;,C ,F;m) ))) (3)
K Fg /25 ¢ BYBEIRHIEZE 5 Fle  Flow 2050038
RIS AL G 26 @ B B REAE s BN R 4t)d —
b3 RelLU F&7R I pREL; Cat FRn sk &, Wi 5
UL, AU AH ChangeFormer #4322 19 2 NREAE (& P 422

R, Zoit— R YN B R —2PAR I 2 MRAIE Z A Y 22
5B R R AR B T — 2 ke, WA
ChangeFormer 7 MLP fi#f#$fr it FON R iy
JELH B B 8 03 Ry b SR A R B S 4 R 0 s
B LR . At 2 rh B 33 AN [ B B ) R AIE
2 HATRG K 4 DB EBCRIE 22 A E4ERE EitE AT
PHE 2ot —A 1X 1 R TRl & 2R 05 R
2D L AR HEAT LR B — R A B 2= R
BRI R 485 — A 3 X3 I e B Bk R i K
AR AN R T AR

Filiff:Linear(Ci s Cop) (Ffmf) » Vi €Y

Fiﬁﬁ:UpSample< (% ’WZ/) , bilinear) (Fiz) (5)

F=

Linear (4C g0 s C ) (Cat (F s Fh o Flie s F i)
(6)

F=ConvTranspose2D(S=4,K=3) (F) (7)

Cev=VLinear (C s Ny (F) (8)

P Flig R 105 | HrBORHIE2E 5 5 Linear
NN 5 Cag Fon IR AYEJE ;s UpSample R bR
¥ bilinear 3 7 W £k 1 #i 1 ; Conv'Iranspose 2D J&
S=4.K=3 11y 2D R E&M)ZE; Cov 2 FUMHERD ; N o,



5245 F6H/2026 £ 6 A/ATENTRE

163

(ER 2) BB, R0 R AR A 2
2.2 %48 ChangeFormer E ZAKIEZE

Z A ChangeFormer 1& & EIQ 5 CD
HILE W) A ChangeFormer 0926t [, 5| A2~ 1
FARACHTAN ] B AH 9 28 B R, il 2 R, AR S
PA= AR R ] 8 Hoad S T_ChangeFormer, A 2

AT AR SR E G . B C 4300l b it A8 A B AN [R] e
AR IR G . AR 22 B A 222 S Pl 5 1) B ) 371
P R TR RBE T BRHIE 22 000 2 N4y . — 2
=B A 1 B PR R Rl A R U AR IR 25 57, 1E R
T, _ChangeFormer; 53— /2 W PRI R AIE il 5 4 HUHY
fEE RGN, idl T, ChangeFormer,

W AHCD T %

Z I FHCDIT %

PR

B2 ZEEEREGCDREE

Fig.2 Schematic diagram of multi-temporal remote sensing image CD
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