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Abstract: Objective Hyperspectral multi-class change detection aims to identify specific types of changes in land cover at
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different times in the same area, which has important application value in fields such as ecological monitoring, land use
analysis, and resource surveys. In recent years, deep learning-based methods have been widely used for change detection
in remote sensing images due to their powerful feature extraction capabilities, and have achieved good detection results
when labels are sufficient.. However, the hyperspectral image annotation process relies heavily on manual intervention,
and the cost of obtaining annotations is high. This makes it difficult for existing deep learning methods to achieve ideal
detection results when the labels are limited, which is one of the important challenges currently facing hyperspectral change
detection. Meanwhile, dual-temporal hyperspectral images are easily affected by factors such as lighting conditions, cli-
mate change, and differences in imaging environment during the imaging process, resulting in pseudo changes, which
makes it difficult for the model to distinguish between real changed and unchanged areas accurately. Furthermore, for
cross-scene change detection tasks, the common differences in domain distribution across different scenes further increase
the difficulty of hyperspectral change detection under small sample conditions. How to make full use of the knowledge in
existing scenes and reduce the distribution differences between different domains is one of the key problems that need to be
solved in cross-scene small sample hyperspectral image multi-class change detection. To address the aforementioned
issues, this paper proposes a bidirectional contrastive and spatial-frequency synergetic Transformer network (BCSFST) for
cross-scene hyperspectral multi-class change detection in small samples. The BCSFST based on a Transformer network,
effectively integrates few-shot learning, frequency-domain prior modeling and contrastive learning, constructing a unified
learning mechanism from dual-temporal feature enhancement to cross-scene knowledge transfer. Method Firstly, a fre-
quency aware enhancement module is designed to map the features of the dual- temporal image to the frequency domain
space through the Fourier transform, and extract the amplitude and phase information respectively. Subsequently, a
dynamic correction mechanism is constructed using the amplitude and phase features to adaptively optimize the original spa-
tial features, and the correction weights are adaptively adjusted according to the feature differences at different positions.
Based on this, the corrected frequency domain information is mapped back to the spatial domain to further construct the fre-
quency domain prior information. Subsequently, the frequency domain prior and spatial features are input into the Trans-
former, and the correlation between frequency information and spatial semantic features is established through a spatial-
frequency domain collaborative attention mechanism. This enables collaborative modeling of the two types of complemen-
tary information, thereby enhancing the ability to discriminate changed features and suppressing pseudo change interfer-
ence. Secondly, to address the significant distributional differences between the source and target domains in cross-scene
few-shot learning, this paper proposes an adaplive ¢ross-scene association contrastive learning strategy. This method gener-
ates adaptive neighbor weights by calculating the bidirectional consistency probability between samples from two domains,
and mines potential sample matching relationships between different domains under the premise of limited target domain
labeled information. Then, soft positive samples are constructed using the generated weights to establish cross-scene con-
trastive relationships, enhancing the feature compactness among similar samples. By using the bidirectional consistency
constraints, the reliability of the feature association between the source and target domains is further improved. The feature
distribution differences between different domains are reduced, and the cross-scene knowledge transfer capability and gen-
eralization performance of the model under the finite labeling conditions are enhanced. The synergistic effect of the two
modules mentioned above enables the model to simultaneously mitigate the problems of pseudo change interference and
domain shift from two aspects: frequency domain feature enhancement and cross-scene feature alignment, providing a more
stable feature representation for the hyperspectral multi-class change detection in small labeled samples. Result Experi-
ments are conducted on three hyperspectral multi-class change detection datasets. Under the condition of using only five
labeled samples for training in each class, the BCSFST proposed in this paper achieved overall accuracies of 90. 80%,
83.67%, and 85.78% on the Irrigated Area, HangZhouWan, and China datasets, respectively, all of which are superior
to existing state-of-the-art algorithms. This demonstrates that the proposed method can still uncover discriminative features
across different classes using a very small number of labeled samples, exhibiting good cross-scene generalization ability.
Based on the quantitative results, the visualization of experimental results can further demonstrate the effectiveness of the
proposed method. Compared with other comparison algorithms, the proposed BCSFST can more accurately identify the

boundaries of changed regions and effectively reduce the false detection rate of background regions. Meanwhile, ablation
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experiments further validated the effectiveness of the frequency-aware enhancement module and the adaptive cross-scene
association contrastive learning strategy designed in this paper in improving model performance. After removing either of
the two modules or the adaptive weights, the detection performance of the model decreased to varying degrees, indicating
that the design of the two modules played a positive role in the overall model. In terms of computational time and the num-=
ber of parameters, the BCSFST achieves both high detection accuracy and computational efficiency, demonstrating excel-
lent overall performance. Finally, experiments with different numbers of labeled samples show that the proposed BCSFST
achieves optimal performance in all cases, demonstrating that the proposed method has good adaptability and robustness for
hyperspectral multi-class change detection tasks. Conclusion The BCSFST model proposed in this paper effectively miti-
gates pseudo change interference and cross-scene domain shift problems through spectral transformation and contrastive
learning. Experimental results show that the proposed method can fully combine the advantages of Transformer network and
few-shot learning, and significantly improve the accuracy of hyperspectral multi-class change detection in the case of few
labeled samples. In the future, this paper will further explore hyperspectral multi-class change detection methods in unsu-
pervised scenes, reduce the model’s dependence on labeled samples and improve its generalization ability and practical
application value in complex remote sensing scenes.
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shot learning
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Fig. 2 Schematic diagram of spatial-frequency synergetic trans-

former network
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RIS UK Lo 2450 2R i e KA IERE AR
ALEE o5 1, 51 SIS BAsEh B AH R 7T
B FEASTERRAE 25 (0] N2 1 4R, A AR AR HE TR DT
THCHT SFe 118 M P A2 0] R0, 88 v 15 Bl Xo) 5 2o AR A RS
eSS
1.5 EEmKELE

A SCAIT B HH Y BCSFST W 45 7 FSL 45 2k 1) JE il
X 5 b e 22 AR AR I TP AE AR 1 B AR Ak ) R
Nl SRR A3 A () 5 | AT 38 T A5 B i FAEM
Ko BT X5 He 2 2 B ACACL, %%, BCSFST #4514
PRIES L FR PR 0 A (] 2 A

L=L+L, (21)

2 SLIGZER

2.1 ZWHIESE

A SCIA T4 A BRI 1A
VHRIEHE 5 A1 H Rl 34~ HSTE s 4 , 2 A
BREARR IR 1 s, Ho co®m AR 41k, C1-
COMRE T ARRIZAI A . 4B HE A OCHE A
W

F1 FERBREHBEENENER
Table 1 Category information of the datasets of the

source and target domains

T 35 SRS
Bt KM Second I”ig:d HangZhouWan China
[ | Co 188354 30579 84891 40407
Cl 3750 1034 1846 6019
[ | c2 3537 1048 5539 12229
[ C3 6458 5111 10032 145
[ | c4 19649 1261 3330 -
| cs5 4615 479 - -
C6 35781 988 - -
KA - - 54362 -

T —FOR T INHEA

1)Second BHEEE : Second f&— NI ] 1 L84
K AT 55 19 VHRIECE 4K 625 0k A v B 2430
2220 512x512 WU A& BGAR . A SCRERLIE IO
20 AR IR RS 2 5 U 2, HXUR AR B R €5 5]
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BipE S it S XTHRNE W EXT L 5 =550 E Transformer M4

15 B il 3 e .

2) Irrigated Area Bipk. Irrigated Area (1A) %%
it A R T 5 A IX] M At £ 174 — &b i T A FH X
S, A0 T MR 20 AR T 2004 4E 5 1 H #12007
5 1 8 H s Gl & . B 4R R/ 180
225,418 159 MG i By . HOWU A O 6 G 2
PN E 4 FR

¢ o

iy A

(a) TWZIEHE (b)) TRZIEE (o)

((a) image on T,; (b) image on T,; (¢) Ground truth)
&3 Second FHEHE 1Y XU HH Db F (o R B b ) A
Fig. 3 Dual-temporal pseudo-color images and ground truth of

the Second dataset

e 1
() TMZ (b)
F1

Lz (o)
1%

oy HAE

((a) image on T,; (b) image on T,; (c¢) Ground truth)
B4 TABEER XU AH O R 6 R (5 bt Al

Fig. 4 Dual-temporal pseudo-color images and ground truth of

the IA dataset

3) HangZhouWan 0O E . HangZhouWan
(HZW ) B4 8 02— A8 1 = Y AR A A 45 4 4
H 1 2Y 1-02D T 243712021 47 1 H 29 H 12022
AR 2 H 27 HEREETF v EAT NI 1 IR X 3, 411 75 400
400 MG K 166 G5 B, Horp A 54362 A~ A1
KNG EARS SN GR T, OB A DR (o R
Ky aniE 5 f s .

4) China $(HE4E : China B 42 R 4 T EVT IR
A BRI ) — A A B DX, AR B ] 43 1] 2R 2006 4
5H 3 HA20074E4 H 23 H. K4 K/ K 450%
14018 2 A0 & 15446 E B B o AR W A8 Ab 5
M, HERRTE T 3 I AR B 1 2R AR, R

(a) TWZIEER (b)) T,HZIEG (¢) MW EAH

((a) image on T,; (b) image on T,; (¢) Ground truth)
K5 HZW S04 i U AR DA R (0 P8 R i L AE

Fig. 5 Dual-temporal pseudo-color images and ground truth of

the HZW dataset

i AR DR R € RS R ) an 1 6 BT s

(a) T, b) 1, (e) M

WZIEG  SzEG YEHE

((a) image on T,; (b) image on T,; (¢) Ground truth)
P16 China Bl 5 14 XU AH PR 6 [R5 K b ) L0

Fig. 6 Dual-temporal pseudo-color images and ground truth of

the China dataset
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g I SE BT 2 HY BCSFST I 2% 1y A7 2501 , AR 303k
BT 8 FhXS H T L B AR SR SVM (Bovolo 45,
2008) ; FETFIRBE2: 2] 19 4 B J5 1% : BT-SCD (Tang 4%,
2025) .CSANet (Song %5 ,2022) \MFCEN (Ding %%,
2024) F1 AIWSEN (Wu %5,2025) ; LA K 56T FSL Ay
1% BiG-FSLF (Wang %5 ,2023) .DCFSL (Li %,2021)
M1 Gia-CFSL (Zhang 45 ,2024) . iR 5256 40 F
PE, B B R R SCHER S0 & TT 5
—EHURR S PRICHEA S 5l 2R, SRah R
BRI R (overall accuracy, OA) | 2% Il Ui #f R
(class accuracy, CA) Fll kappa REL (k) 1ENIEHTE
b, AV 45 I iR P R

PG 256 ¥ 76 Bl #5 NVIDIA RTX 2080Ti 1< Y
WA L oe 2, SE 8 B 5 R Python 3. 7, TR EE S >
HEZ R ] PyTorch 823 . X T4 SCH& HY (19 BCSFST
W25 , 2 5] RPE R 0. 001, Y 2R B 800,
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R2 IMEEEIABIEE FHRNLER

Table 2 Detection results of nine algorithms on the IA dataset

SVM BT-SCD CSANet AIWSEN

MFCEN

BiG-FSLF  Gia-CFSL

(Bovolo  (Tang%¥,  (Song%, (Wu s, (Ding 5%, (Li]szCF;oLzl) (Wang %,  (Zhang 5%, B(;_(S;S)T
&:2008)  2025) 2022) 2025) 2024) ’ 2023) 2024)
Co 75.09 72.64 74.79 69.10 80.91 87.59 90.38 85.56 93.35
Cl 92.09 98.05 85.34 89.64 90.59 88.11 91.27 89.88 88.73
C2 75.90 75.92 76.75 82.76 67.61 72.18 77.70 65.95 73.64
C3 94.12 86.57 87.96 91.99 80.14 83.83 89.21 85.93 86.18
C4 58.38 72.75 70.78 83.01 76.81 69.88 73.96 66.60 74.21
cs 18.83 89.67 93.80 96.47 93.19 93.53 94.26 90.08 85.15
C6 68.36 77.09 82.88 82.50 74.74 85.23 85.98 77.04 79.88
0A 76.60 75.45 77.07 73.96 80.58 86.20 89.36 84.47 90.80
K 57.90 56.29 58.78 55.41 61.72 70.68 76.54 67.84 78.84

T ML AR R e A R

(b) BT-SCD (c)

(h)

(f) DCFSL

CSANet (d)

BiG-FSLF (i)

e
AIWSEN

BCSFST

E17  TABAEER 2SR B A
Fig. 7 The detection map on IA dataset. (a) SVM; (b) BT-SCD; (c¢) CSANet; (d) AIWSEN; (e) MFCEN; (f) DCFSL; (g) Gia-
CFSL; (h) BiG-FSLF; (i) BCSFST; (j) Ground truth.

2.3 WNERKRDH
2.3.1 TA¥URE ERyilgh

IA B AR E SR g R g 2 iR . k2
ATLLVE W 7R AR 5 A FRic B A (Bp—JE 35
A BTGB AL G053 1 SVM AL TR 24 2T 1Y 4
T v B AR LB R A 3K 2 B IR 2 ST
TR B R K S bR 2 2 2] BT R ATz AL RE 1 AR
FR MR DAY 5T 45 5 th IR IE 2 21 R 38 53

T LA BRG , BR ) 1 45 8 i 42 3 Al =X i) 221 e
AEJ) o HJR, —S T ke e o3 A A 200 F U T4
I B RGN 25 58, 40 BT-SCD Bk 7E C1 P BUS T el
(9 CA , & W] X 4 2 1) LA s i 0L e g L (1
BIRZ AR IR o BN, BT FSLI A
T RBAE 7050 AT BRI AR $2 40 200 (B ) A
BB T RAFRRINES R . A SCHT 4R 9 BCSFST
P28 FE OA Fil kb BT Je 45 2R , OA AHEBIR L5
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B &, Lk, Bk, BEE, IESF
Bipsm ik 2 R TR E 3 btk 5 =851 E Transformer [ &

12: BiG-FSLF A 1. 44% 42 - . 41, BCSFST 7k
AFARIEN CO AT T e AER I 25 3L, Ui AR SCHE
(125 4l B3 [A] Transformer % 261 (1) FAEM RE 547 34 2%
fift O 728 Akt R B B T T

7 R T 9 Rl v e TA B8 42 4G I 485 SR /R
By HPET ) hESE . NE TR, R
FRICEEAIE D A% G5 838 AN HE T IR B 2 ) i B v
DAHER =7 2] AR A2 500 0% ) R AIE A 25 SR i AE A E

AW S TR R A DA S A Sy G, 5 AL
REMER . AR BCSFST (&7 (1)) 5
LS M ) P AN 4 0T, 7 B 0 S DR R B A X
B EAFTED] R AR I AL 7 W T AR S
145 B 13 [F] Transformer X 4% & ACACL 7R BE HE WS A
R DAY T, [R] 3 5 2 1] 7T 73 M A2 N
A TE , T ARAS B AT 5 A R 45 2R

#3 IMEBEREHZWHIESE FHKENER

Table 3 Detection results of nine algorithms on the HZW dataset

SVM BT-SCD CSANet AIWSEN

MFCEN

BiG-FSLF  Gia—CFSL

(Bovolo  (Tang%%,  (Song %%, (Wu %, (Ding 5%, (Liz‘rfCFZS(?Zl) (Wang %5,  (Zhang 5%, B(SEECS;T

4%, 2008) 2025) 2022) 2025) 2024) ’ 2023) 2024)
Co 52.03 52.65 62.09 68.45 54.72 77.25 84.36 80.17 87.74
C1 71.04 84.23 66.53 75.34 33.37 71.97 60.66 74.53 75.48
c2 53.71 70.86 66.00 75.57 62.52 70.51 57.44 69.63 61.76
C3 64.59 84.01 69.41 78.99 64.51 71.07 69.04 74.05 72.79
C4 40.96 63.05 66.89 58.31 41.38 62.96 58.33 61.27 53.54
OA 53.29 57.46 63.22 69.63 55.97 75.77 80.26 78.34 83.67
K 31.77 31.64 34.98 42.29 26.58 48.06 51.52 50.69 57.34

T M AR A R

(a) SVM (b) BT-SCD (¢)

CSANet

(d) AIWSEN (e) MFCEN

(f) DCFSL (g) Gia-CFSL (h)

BiG-FSLF

(i) BCSFST () EH

K18 HZW Hi 4 K 45 s 2181
Fig. 8 The detection map on HZW dataset. (a) SVM; (b) BT-SCD; (c) CSANet; (d) AIWSEN; (e) MFCEN; (f) DCFSL; (g)
Gia-CFSL; (h) BiG-FSLF; (i) BCSFST; (]) Ground truth.

2.3.2 HZWEHE4E FAyKm &5
2 3K 8 43l JE s T Tt i BCSFST 8.7k A1 8
FXT EE ¥ B 28 R R A5 SR R Y AT ARk . T

HZW %35 £ Hh 1) A8 AR 25 i) A 35 R B, PRk
RRAE AR BA B BRI L . Ik 3 R, AL
TAEGRIE AR R IE 2 2 Jr kA — EVERESE T,

11
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AIWSEN MKFE [ 35 I A5 B AL 3R AT T I 2
Heo BRI, 52 PR TFHRICREAR S | TR 2 ) T AT HE
DL e 4327 2 R 0 SIRRAE oM R 4R 32 2] 9 1
BRI A2, FSL 73 ad 51 A B BUAHATE 5
e TARCREARAS R A5 . R IRIE PR K F A
SCHE % BCSFST B T fe i 1) OA il i, B LA
AL R AR I BE ) o [RIE, BCSFST £ CO B
137 84.36% I CA, HAEZAS AL [t Jre Bl i A2
P HERE , E— 2P UE T A SO S 285 T IS
PR FNIE T

gh A 1R 8 A TR A 25 S T LR B, KAy
A AR IR [ = A TR 2 B i e L, B8
K25 0 5 A & BRI R 22 57 0 MBI &
A SCHE Y BCSFST 38 2ok 5| A B 5l06) b2y 2] 5 431k
25 [AVAG IE. , REAS 5T v Ay b 20 i 28 £ X388 114 25 ] 43+
A BT T 5 IR R A G
2.3.3  ChinaZg#84E I pyA I 25

China B 48 (1)@ EEE R NF 4 . R4k

F, T China B4 2505/, 45 O ik IS T 4
X A58 o () R A IUORS B . Ha T China 2088 2 FE AR 53
A ARYIE]  RE DT EAE CA R Ik 22
. BT-SCD.CSANet Al ATWSEN 7 C1 [ #1 B T
D5 BRI 285 SR, (R AR SRS 50 A W B RE TR,
Vi B S 77 AR N Grad B Th TR 25 ) 52 B2 e A A
YRy s, i A TR IRl BT FSL Y
R BRI BB TAL 58 IR 2 > 584 | 1) BCSFST
TEUS Fe 5 OA 1Y [] B 7 45 2800 =2 [] e B i 3%
7 ARSI 8 7 L X VR B T AR SCY T R RE A 7R 447 4
A PR BHE B R A 250 G FR , T AR A B AR
E ARSI 25 2

B9 J/R T A ik i 45 58 . T China
R AR 0 DX B B B2 A% A AE W I A A B AN sk
P DX, PR M R 43 Tk 27 H B A [ R B 1 A T
iR AHELZ R A SCHR Y BCSFST % 76 fR1IE
2NN e 7 B[] B S o A 1A 37 5 i A8 Ak 43 A
55 B ) Ve T B, TR O R R R — o

F4 IFMEETE China BIEE LR R

Table 4 Detection results of nine algorithms on the China dataset

SVM  BT-SCD  CSANet  AIWSEN MFCEN peps,  BIG-FSLE Gia—CFSL oo

(Bovolo  (TangZ,  (SongZ%, (Wu 2%, (Ding %%, e (WangZ§,  (Zhang %%,

4 2008)  2025) 2022) 2025) 2024) (L%, 2021) 2023) 2024) (30
co 83.52 86.18 86.94 71.39 87.78 86.92 85.84 86.11 88.29
cl 86.62 91.69 92.22 92.47 78.28 87.16 86.68 89.67 88.90
c2 88.51 65.77 74.09 84.89 61.88 77.82 82.24 75.85 76.04
3 0.00 98.28 63.45 64.97 91.86 75.29 77.29 76.90 78.36
0A 84.67 82.53 84.75 76.34 81.43 85.02 85.16 84.32 85.78
K 69.80 65.69 69.31 59.29 63.29 70.45 71.13 69.61 71.54

T MUAROR e AR

3 3 8

3.1 HRW

AL FEEAR S T B, 4 02 FAEM Al
ACACL. N T i — 20 PP AR AR SCHE H 1) 45 A A He X
R B TRk, A SCFE = AN EOE B 43 I Y
SIS, SRR RN R S i . Horp, SR AU
Transformer $& BURFAE I 115 FSLA 2k o 7EIGIERD I
BN FAEM 1 ACACL BAMBEER | A4~ B 408 45 11
S HAT RS ERIRI AR

F6 545 TR AU T FSLHE 48 i 455 150 4% R
REATY A A B, M A 2500 % 52 e b A8 A o FE
Bl FAAFAEM 5, = R4 R OA Rl &84 T
— R AR T, JUH R China 504 4, H OA #2574
T 1.66%, 1225 F 3 W 12 Ak 5 6 0 XU AR ARk
HEAT I8 A, T DA 5 il el B AR R A
o) TSI e R v Rt 9 MNTE S R X 01T T S e
BAEE R, BAME A ACACL J , BERIPE RE A LRt
AT, o TA BEE F OA$RTE T 1.32%, 1t
BT 4 HH Y ACACL BB A A2 8 IR 5 H bRk
[ 11 8 A K, % ik AN ) o AT 25 5705 O 1 S8 5
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BXE, Bilik, Bk, WBEE, IMES
Bipsm ik 2 R TR E 3 btk 5 =851 E Transformer [ &

(b) (c) (d) (e)

SVM BT-SCD  CSANet  AIWSE

N

9 China ZUHEAEA I 25

MFCEN

() (g) (h) (i)
DCFSL Gia- BiG- BCSFST izl
CFSL FSLF

=y

Fig. 9 The detection map on China dataset. (a) SVM; (b) BT-SCD; (c¢) CSANet; (d) AIWSEN; (e) MFCEN; (f) DCFSL; (g)
Gia-CFSL; (h) BiG-FSLF; (i) BCSFST; (j) Ground truth.

RS INMHEELHERMIR

Table 5 The ablation experiments on three datasets

BHiRgE  FSL FAEM  ACACL  OA K
N 88.91  76.06
N N 89.81  77.51
1A N 9023 78.11
Voo ) J 9043 7855
N N N 90.80  78.84
N 8026  53.93
N N 81.57  55.65
HZW N N 8238  57.10
Voo VFEE ) N 8145  54.84
N N N 83.67 5734
N 83.50  68.29
N N 85.16  70.68
China N N 8475  70.20
Vo EE) J 8428  69.14
N N N 8578 7153

U FRAE P AR A SR fR RS R

HE— 5 FAEM F1 ACACL [R] i i A L2k A 7E =
AR F IS T S LA, 107 3 e 68 DA AT
REAIE 3 58 R0 5 1 5 U RS P T BB R 42 THASE 7R (1Y
K g

BEAh, R T 55 FAEM H1 (4 3h S AL o A9 A 5K
PEL AR SO o B8 0. 5T SE 5 . WK S AT LUE
W AR G SRR = AN BE AR A tERE A —
FE R XA FAEM JC AR 8 S 5] 4 (8] 40 8 1)

FEAE 22 5 19 235 I 901 R S 8 A TR R B, T REAE A I O
A5 Ak 1 () B 1) 55 A 28028 A5 5L, DU R SR 2 M g
H— R

25 B RTIR AR SCHE A I S B 2 X B AR P e
ABWAER . 73 B FEVEHTT  BORL A2 4% [Rl I DA
TSR A AR 0 B8 S8l R R AE X 55 PR A2 T 2 TP AIE
KRBT PGSR IS N IR G RN ) ] A3, AT AR
A T AR R 2 i
3.2 tEREMSHE

AT X 8 A VA I S B S AE 3B A Y
YIRS B AT et b, g Rk 6 s . i
TE S 25 1 SR AT Fe v A 2k 34 e AR )
WA T 58 I

MFZ 6 0T LLE H B TR 2% ) (0 7 ek AL
B IIZRR0R U HIE BT-SCD, 7 I e A4
GBI LR R AT eI S5 5 IR,
BB 7 v AL TR T AL SRR Al
SEA TR ST R A R B A ok T BRI S HOT 4 -
1M F FSL A 7 38 5 5| A T oo 2] B aE 4%
BANR IS, T2 MDA O T B0 2R [R]
e 1 o AR, A SCHE A BCSFST J5 vk 1t
SR ) A, 5 R A B M O R TR 2 2] ik (A
CSANet 1 AIWSEN) A F , HAE T3 TF 89 A1 T 44 =
TR A 0 B T 5 A B ARSI B, 7E RIS A]
e SR INRG FE 1 SEBR T g () A
3.3 AEAHAHEHENE

R T IR I AN R R S T
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PEREVEST XS HL b, S B 45 R AN 10 s o TR REE TR BE 27~ B9 05 1M RE i AR T 4% T FSL
WNE 10 Pirzs , BEE PR g FEAR B B i, ok J7ik, U] FSLAERS S 0l M HI A BR A5 B, S5 ]
R TE RN PR R R BB AR TR ARG TR T IS R AR I TS . T H

®6 AREZEWITHERBMSHEN N

Table 6 The analysis of computational time and parameter of different methods

BT-
SCD CSANet AIWSEN MFCEN DCFSL.  BiG-FSLF Gia—-CFSL BCSFST
BifitE  (Tang  (Song %, (Wu%s, (Ding %, (Li%E, (Wang%¥, (Zhang 5%, (& 30)
£ 2022) 2025) 2024) 2021) 2023) 2024)
2025)
SR (M) 25.44 40.42 12.23 153.78 4.25 0.65 0.85 0.42
1A 48.83 367.70 578.59 126.06 8289.45 828.03 8727.68 229.88
YIEERIng|E
?*IJ;J; T HZW  56.48 520.01 530.27 313.28 7171.98 1269.72 6944.87 436.44
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