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compare and analyze images from the same geographical area but captured at different time intervals. This process mainly
aims to identify changes on the Earth’s surface. The main challenge in this process lies in the extraction of effective change
features from a large volume of image data and subsequently mapping them onto pixel-level change labels for high-precision
detection. Detection methods for changes in remote sensing imagery can be broadly divided into traditional and deep
learning-based methods. Traditional methods primarily rely on image processing and pattern recognition techniques. How-
ever, these methods often require manual selection of suitable features and thresholds, which can introduce a degree of sub-
jectivity and limitations. By contrast, deep learning methods can automatically learn abstract and high-level change fea-
tures from remote sensing images, thereby enabling end-to-end change detection. This approach notably enhances the accu-
racy and efficiency of change detection. Among them, change detection models based on convolutional neural networks
(CNNs) and Transformer architectures have shown remarkable performance. Models that utilize these mechanisms have
demonstrated notable advancements in recent years due to the extensive research conducted by scholars worldwide. How-
ever, for the currently effective models based on the Transformer architecture, the complexity of the model also increases as
the detection accuracy of the model improves. Therefore, designing a change detection method with a small parameter size,
low computational cost, and high detection accuracy is a pressing issue that must be urgently addressed in this field.

Method This paper proposes a lightweight change detection method for remote sensing images based on feature interaction
and fusion. The main idea of this method is to use EfficientNet B7 as a lightweight backbone network to extract deep- and
low-level features from bi-temporal remote sensing images. Channel and pixel swap modules are introduced to enable the
interaction and combination of bi-temporal features, enhancing the spatiotemporal feature fusion. Low-level skip-
connections are employed to transfer the original image information to the upsampling phase, aiming to preserve additional
edge and texture details and reduce artifact generation. A feature fusion group convolution module that reduces the compu-
tational overhead and the number of parameters is designed to effectively fuse the deep- and low-level features obtained in
the downsampling stage. Finally, the feature fusion group convolution and upsampling modules are used to fuse and
recover the deep- and low-level features, and the pixel-level change detection map is generated. Result In this paper,
experiments on two datasets are conducted for remote sensing image change detection landearth view image retrieval build-
ing change detection dataset (LEVIR-CD) and Sun Yat-sen University change detection dataset (SYSU-CD). Each dataset
is split into 7:1:2 for training, validation, and testing, respectively, and each image is segmented into 256 X 256 pixels.

This approach facilitated the processing and increased the generalization capability of the model. The binary cross-entropy
(BCELoss) is used as the loss function, and the performance of the proposed method is evaluated using three metrics: F1
score (F1) , intersection over union (IoU) , and overall accuracy (OA). The proposed method achieved F1 scores of
91.51% and 82. 19%, loU of 84.35% and 69. 76%, and OA of 99. 14% and 91. 99% on the LEVIR-CD and SYSU-CD
datasets, respectively. Compared with previous classical methods, the model obtained the best change detection results,
especially preserving additional details on the change boundary. Ablation experiments are performed on the same dataset to
illustrate the effect of low-level skip-connections and channel and spatial exchange modules. The results showed that the
channel and spatial exchange module substantially optimized the utilization and representation of spatiotemporal features in
the network, while the low-level skip-connection compensated for the loss of detailed features in the downsampling process
and further enhanced the feature learning capability of the network. Conclusion The network used channel and spatial
exchange modules to increase the utilization and understanding of spatiotemporal features and low-level skip-connections to
focus the model on local detailed features. Finally, a binary cross-entropy loss function at the output layer is utilized to
achieve optimal change detection performance. Experiments show that the method proposed in this paper can improve the
capability of recognizing changing regions while ensuring a light network , enhancing the detection performance of change
detection in various environments and terrains.
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Fig. 4 Visual results of the comparison experiments between our method and the SOTA models on the LEVIR-CD dataset
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Fig. 5 Visual results of the comparison experiments between our method and the SOTA models on the SYSU-CD dataset
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Table 1 Quantitative evaluation of the training results of various model on the LEVIR-CD and SYSU-CD datasets

1%

Y WIRES

LEVIR-CD SYSU-CD

F1 IoU OA F1 ToU 0A

FC-EF(Daudt %5,2018)
FC-Siam-Diff( Daudt 25,2018
FC-Siam-Conc(Daudt 55 ,2018)
DSIFN(Zhang %% ,2020)
DTCDSCN(Liu%,2021)
CNN STANet(Chen F1 Shi, 2020)

SNUNet(Fang %,2022)
ELGC-Net(Noman % ,2024)
USSFC-Net(Lei %£,2023)
LRNet(Zhong %5,2024)
FIFLNet(4<30)

83.40 71.53 98.39 75.07 60.09 88.46
86.31 75.92 98.67 72.58 56.96 88.13
83.69 71.96 98.49 76.35 61.75 88.52
84.45 73.12 98.03 77.26 62.95 90.51
87.67 77.40 98.66 76.01 61.55 89.69
87.54 77.84 98.83 67.93 51.43 86.72
87.78 77.98 98.62 75.57 61.79 89.01
91.02 83.22 99.03 78.52 64.32 89.26
91.04 83.24 99.06 79.66 65.34 89.62
91.08 83.22 99.10 80.21 67.41 90.43
91.51 84.35 99.14 82.19 69.76 91.99

BiT(Chen %,2022)
Transformer

Changeformer(Bandara & 2022b)

89.33 80.72 98.94 77.59 63.39 89.27
90.40 82.48 99.04 78.79 64.78 89.92

A AR R DDPM-CD(Bandara %5 ,2022a)

90.90 83.31 99.09 80.61 67.52 90.82

T L SRR % 8 B A2 2R

F2 ARZHENTENSHE SWZFREERE.
B4 epoch i)l Z it 18] F0 F1 score BIXT Eb
Table 2 Comparison of number of parameters, FLOPs,
single epoch training time and F1 score of different

change detection methods

i Z$0 FLOPs ] I
% M /G Jmin LEVIR- SYSU-

cb  CD
DTCDSCN 4107 721 1645 87.67 76.01
DSIFN 3599 5.64 1238 8445  77.26
STANet 16.93 18.07 691 8754 67.93
SNUNet 1203 54.83 736 8778  75.57
BiT 355 875 471 8933 77.59

Changeformer 41.03 13.88 2213 904 78.79

DDPM-CD 120.33 7136 1671.23 90.9 80.61
ELGC-Net 10.57 12.36 9.19 91.02 78.52
USSFC-Net 1.52  4.86 3.01 91.04 79.66
LRNet 48.71 92.23 46.51 91.08  80.21

FIFLNet(A3¢) 0.56 1.66 1.73 91.51  82.19

T L SRR 5 8 R AL 45

H (floating point operatious per second , FLOPs) 1 5.
A~ epoch YIRS ] 344 B0 A BB AT 17X 1L,
DR 7R Fr 4R A5 R 7R BT IR AR 7 T RO AL . g2 vk
1 E PEO AR IT LUE Y, A 5T CNN FITE &
B A AL LA A 2400 R A A i SRR s
BAA~ epoch YIIZR I [A] S (4[] @, 5E T Transformer [
R AR AR T A7 A 2 ARA DR T A A Y
QI BiT USSFC-Net 45 , B AR TE TR FE LR 4F
(BT Al DSOS A RSB B AN R . A
Pt $ T iE A R B B S8 AR A R A TR
YRHSURI T 55 (4 B> epoch Y1 25 B[] 9 [m] B, S T
SOTA HYZALR I A5 SR . £5 bk , A SOr sk iy M RE
PLTXF H M2
3.2 HEASRIE
3.2.1  VRJZBRIBRE R Rl S

SR B UE R S MR BR 4 A R L AT T R S
455 TC B BR % 42 60 5 Bk R 32 e B A P v J2
BRI 3R IR BLAREAY 0 3 i, A Jey A AR AL
AR B AR ARSI AT: 55 TP I 8 AR 2RI AR
AEE R . Horb, No skip A TR ER % 4% , Skip



$30% /E 38 /2025 £3 A

FIoF, HiEE, BT, XE, B, RH
FZARFHIEZEMAMSHNEERTLRN ML

R 3 kIR % 2, SD-Skip AU F 1R 2Bk IRESE .
F 31, TEASH Bk B 20T, AR BIAUYE LEVIR-
CD 1 SYSU-CD %4 4 I 1% F1 4351 4 90. 91% Fl
80. 84%, SR, £ L RAE LT R rh /D Ry BB AR, 45
S B AR B LG, 1 RA A e R A
R o NGB AL LA ), SR I AT Bk BRI
2, DB RRR B 0 B A% 4%, a5 B R K il
PRUR)Z M2 B DI R TR o 8 R Budie 4 i
F13 50 91. 23% F181. 91%,, 1 SR AR I 1 RE 75 3]
T —@ Tt A s DX R R TR AE A DG 5 Rl
R O G Jey R AR AR AR i A T VR 2 BB 4 42 , DA
IR B AR B R % 2 A0 JE A 8 A R X SR A
fERY G TE o TEPIAS B 5 B P10 53 5 4 Tt =
91.51% F182. 19%, i #U A (M) 15 2] T i — 21y
W, ST R AR AT R . RSB EE SRR S T vk
JZ KR A R

®3 BREREZEAIE
Table 3 Ablation experiment of skip-connection
/%

LEVIR-CD SYSU-CD

T

F1 ToU OA F1 IoU OA

No skip 9091 83.11 98.76 80.84 66.78 90.11
Skip 91.23 8379 99.01 8191 6845 91.73
SD-skip 91.51 8435 99.14 82.19 69.76 91.99

E L P SRR 5 8 R AL 45

3.2.2 B fRER S H AN AL
XJ I TE AR R AE HAR P AT I Rl S 45 2R A
FAPIR, R4, “No exchange” F 7RI A A 18
1B AG R A2 AL, “Exchange” 3¢ 7 45 1 {efi H 3 18
AR R A HALH . RIS AR AR A A [A) AR
Z 1] B AR B A AR 5C 28, 300 T 1E A X 70 1)
Ak B AR AR OCHE . 5 A R A A
FAHG , f HTZ A He RS AE P A B 4 ) F1 5351
0. 21% F10. 18%. M S50 B dh v 45 1, 3l ik /e A5
B AR, a] A R TR I 3 X AH X4l
RIRAF B~ > B8 ), Y BE S A RO A FH I 25
TR SRR R AR TR G AGHE MR R 5
HRHRIRERL, 5 AR AR B AR 2 ] 8 A DI
FREAEJ7 T BLAT B SR 27 ) BE ), BEAE A X 73 )
A bR B, AR AG 2

F4 FEXEERAERSIE
Table 4 Ablation experiment of feature exchange
1%

LEVIR-CD SYSU-CD

s

F1 IoU 0A F1 IoU OA

91.30 84.16 99.01 82.01 69.52 91.65

No exchange
Exchange 91.51 84.35 99.14 82.19 69.76 91.99

TE O TR R R % 9 e L4 2R

3.3 BRRABLEWHT

RS-0 T R R A BRI R AR A,
TERE R H A 25 AF AN A BT HE T, 64T LT 6 Ffpse 22!
LA S, IR S Fim . 6 Pl & 43 2 « 1) 72 £t
AR AB RS HRETR 5 1 R 2 )2 T R £
YE J5 48 A 3 18 52 H. B Bt (spatial-channel-channel ,
SPCHCH) 5 2) 7£ 44l iy A JZ FER 12 T RAEJE IR A
BELHAEG, 5 2 2 T R RS 1 AT 1E 5 H
F R (spatial-spatia-channel , SPSPCH) ; 3) 7F %4 & i
NJEHER 22 T RAE i A E S B 25 12T
SRAE S5 A AR FE 32 BB (channel-spatial-channel
CHSPCH) ;4) fE Xt A2 el Al IE A H. 2 1 )2
FEE 2 J2 T R AEJG 4l AR R 58 H A B (channel-
spatial-spatial , CHSPSP) ; 5) 7 £ 4f% 4 A JZ %6 2 )2
TORFEE AR R LB AR, 1 Z R A
il 18 3¢ H. 55 Bt (spatial-channel-spatial , SPCHSP) ;
6) 1E £ I i A JZ AN 1R T RAE 5 4 AT 18 58 B
e, 55 2 )2 N RAEJE 48 AR R 32 BB (channel -
channel-spatial, CHCHSP) ,

x5 SMERAEGHELEVIR-CDHIEE K
EEEMER
Table 5 Quantitative evaluation of the results of various
model combinations on the LEVIR-CD dataset
1%

Y Fl loU 0A
SPCHCH 91.49 84.31 99.14
SPSPCH 91.38 84.12 99.13
CHSPCH 91.41 84.18 99.14
CHSPSP 91.35 84.08 99.14
SPCHSP 91.17 83.77 99.12
CHCHSP 91.51 84.35 99.14
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Fig. 6  Visualization of the results of the combination of different modules on the LEVIR-CD dataset
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