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Fig. 9  Qualitative visualization results on the Farmland dataset

F2 HEWRHEE LAXLEEER
Table 2 Comparative quantitative results on the
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Fig. 10  Qualitative visualization results on the River dataset
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Table 3 Comparative quantitative results on the

Hermiston dataset

1%
ik 0A KC Fl Pr Re
CVA 9202 7416 7885  97.90  66.01

PCAKM 92.01 7413 7883 9790  65.98
BCNNs 9407  82.33 86.09 8146 9127
CSANet 9406 8217 8592  80.47  92.16

CDFormer 93.52 81.09 85.24 83.05 87.54
SST-Former 95.10 85.68 88.82 86.32 91.46
MSDFFN 94.50 83.44 86.90 81.01 93.72
GlobalMind 95.56 87.81 90.71 96.20 85.82

ARICTT: 95.86 88.07 90.73 89.87 91.64

TE: SRR I3 500 Ry e AL (LR AL o

342 WFMEHRBEAHERH

TESEH R, AR SR AN [R) B 67 B 4 5 07 sl
SRR I AR o PR, AR SCTE 3Bl 4
BT AN R E Ty AR B INAS R, B
K FTCALE i, BEHLAL S g % AR X (L G
LIARIA S, BERERN], SR B DAL
GiE M AR L, b TS 0 B g i n] LA 2R
MRTVI R R R SR 2 AL E S R 5 0TS BEYLR

WS R b, X A7 G B 3 3 G A5 2 e 22 TR AR
XPREES BB A5 TR B b A KRR R X IR AR R
(R RE T 2 (B A sy, AT AE i 22 0 3 BURRAFE S 0
fHE MR G ), 52 2P A AR PR a
—E R BRI, TR T BT .
343 XFFHIREK/MER

R 53 AT AN [R i A D R /IN A R R 9 52
ARSCHE 3B EIHL T RS, 70 90 111
4R DI R, LA R IR 6, TR
W, AL INBARE T MIEET. 9. 5TEH
BV R RSE. [y, SCibah R, HADE
FEARBED] 7 R AR A = Az b 25k 2 . XSk T A
SCRTRETE I 22 53 D AR R ST R G 1A 3k, %
T L R AL X P IAE B s SR A,
T FRAR 1 % [ 2 2% ) 8 1 R ST BT, ol e 750
i AR B Benm i ek

344 XPTHAREXR/NEHER

Ry AT T I GRAE AR TS/ IN XA I 25 SR 19 52 i
ARSCAE 3RS I T AN [N ZRRE AT i A
AR VGHEA T S R 10% . 20% . 30% .
40% F150%, DAHr& KM R T 50545 4L,
D12,



JERIE 5« BRA o0 28 AR A 2 0 2 0 9 e s EHR AR Ak G 367
SST-Former ~ MSDFFN  GlobalMind  JCDS?AN GT
BT BRI AR S L e P v Ak 45
Fig. 11 Qualitative visualization results on the Hermistond dataset
#4 JCDS’ANTFE3NEIIEE 2 OERAE AR
Table 4 The ablation results of the core module of JCDS’AN on three datasets
1%

ARG Hidi 4R

TS b

B

ACA CA ACA+CA ACA+CA+MS?A Block ~ ACA+CA+MS’A Block+PE
0A 96.68 96.51 96.80 98.20 98.36
KC 91.97 91.61 92.25 95.64 96.03
A H F1 94.32 94.07 94.51 96.91 97.19
Pr 9491 95.29 94.86 97.28 97.68
Re 93.76 9291 94.19 96.55 96.71
0A 95.12 95.26 95.37 96.71 97.17
KC 64.19 65.70 67.58 79.33 82.03
G F1 66.71 68.19 70.05 81.13 83.58
Pr 56.57 58.59 62.50 81.40 83.02
Re 82.23 81.74 80.06 80.91 84.21
0A 84.67 85.81 85.91 95.46 95.86
KC 53.01 56.96 58.01 86.82 88.07
K i F1 62.51 65.81 66.88 89.73 90.73
Pr 56.69 60.70 63.50 88.01 89.87
Re 69.98 72.35 71.26 91.56 91.64
T BN EARAE
#=5 JCDS’ANH I EHRBARAER %6 JCDS’ANHJ]1 F K/MRIiE B
Table 5 Ablation of position encoding in JCDS’AN Table 6 Ablation of patchsize in JCDS’AN
1% 1%
Biuse  (IEHM OA KC F1 Pr Re Bapgk Whoh oA KC Fl Pr Re
% 0820 9564 9691 9798 9655 5 9822  95.69 9696 98.00 95.94
7 9836  96.03 97.19 97.68 96.71
RO BEHL 9824 9573 9697 9715 9679 (S o 0827 9582 9704 9784 9626
AR 98.36 9603 97.19 97.68 96.71 11 9827 9582 97.04 97.79 96.31
T 0671 7933 8L13 8140 8091 5 97.15  81.94 8350 83.10 83.98
. 7 97.17 8203  83.58 83.02 84.21
Ep BEHL  97.10 8138 8297 8121 84.80 R 0721 8231 8384 8342 8432
HEX 9721 8231 83.84 8342 8432 11 97.17  81.94 8354 8280 84.35
% 0546 8682 8973 88.01 9156 5 95.86  88.07 90.73 89.87 91.64
7 9579  87.83  90.54 89.43 91.69
AR B 9579  87.83  90.53 89.27 91.86 G SR 0579 8787 9058 974 9146
AT 95.86 88.07 90.73 89.87 91.64 11 95.69 87.72 9051 9126 89.78

1 B R E

T BN (e



368 National Remote Sensing Bulletin i & 53R 2026, 30(2)

MEEAGES AT L, BEFEREASE A4, 6 R
LR LTS X R ITI e A R0 1
MR 2 E ST US55, AR TR
SRR . AU T R AR ACRRAE o [, AEREA

AR T 10% BF, A SCEE 1Y JCDS*AN #5274 4 B2
R T AT LRI, HAE 20% A AR B AT
MSDFFN Al CDFormer, X Ui 7E/ D EFEART, A
J7 ] DARE A bl AT BRAEAS rh B2 BUAR AR RRAE

99.5¢ 98.0
99.04
97.0
98.5}
<980} < 96.0
< <
39754 Sos0
97.0¢
94.0
96.5}
%60 3 5 10 20 40— 3 5 10 20 930 3 5 10 20
YILREA R /% YAt Lo/ % YIZREA I /%
(a) A& H (b) R (c) MR Hrifi

(a) Farmland

(b) River

(¢) Hermiston

—=—BCNNs —+—CSA-Net ——SST-Former —~—CDFormer —+—MSDFFN —<-ours

B2 EREAS S LB 2 Bi 4 1 i RORS E 4

Fig. 12 OA results across datasets at different sample size ratios

345 MFIHERARITIE

ARSCAER HBRE EIL T A B s
TR RA, WMER7HIR. ,\DF‘ Flops 7~ B M5 Y
PATIIE B, W R A B B A 5
A%, Params FKon IR R AT 200 S 808
Runtime & 7 A& B I 25 F000 128 e 46 9% (9 I 1] . 45

R, MLk, WEEI A E SN
%W%E,m*%E£WW?ME 5 AR B
222 IR ML, JCDSPAN G i 5 AR Al 43 5 45
L, ] LA ON B R i R > S
B

R7T ERBEHEE EZIEBWBITHAR

Table 7 The runtime cost of various models on the Farmland dataset
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Abstract: Multitemporal hyperspectral images, characterized by their rich spectral information and high spatial resolution, have
demonstrated significant potential for change detection tasks across diverse environmental and urban monitoring scenarios. Traditional
hyperspectral change detection (HSICD) algorithms based on supervised learning often rely on a large number of labeled samples, which
requires a large sample annotation cost. Although recent studies have begun to address change detection under limited labeled samples,
existing approaches still fail to fully exploit the limited supervisory signals and often lack effective mechanisms for capturing discriminative
change-related features. To address these challenges, this paper plans to design a novel network architecture that can maximize the utility of
limited labeled samples while enhancing the representation of differential features between bi-temporal hyperspectral images, thereby
achieving high-precision change detection under constrained annotation conditions. In this paper, we propose a joint central difference
feature and spatial-spectral attention network (JCDS?AN) for HSICD, which can alleviate the fluctuation in changing features under sample
constraints and learn representative changing features. In JCDS?AN, a multiscale spatial-spectral attention block is designed to simultaneously
capture fine-grained spatial details and continuous spectral signatures at varying scales, enabling the model to learn robust and discriminative
feature representations from scarce training data. Second, to amplify change-related information while suppressing background interference, a
differential feature enhancement module is introduced, which explicitly models the temporal spectral variations. Third, and most distinctively, a
differential center pixel exchange strategy is proposed. This strategy leverages the extracted differential features to guide the information
exchange between bi-temporal feature representations, effectively aligning and reinforcing change-salient regions. By integrating these
designs, JCDS?AN forms an end-to-end trainable framework that holistically addresses the dual challenges of sample scarcity and feature
ambiguity in hyperspectral change detection. Experimental results on three publicly available hyperspectral image datasets show that the
proposed JCDS*AN outperforms the state-of-the-art methods in HSICD. When utilizing only 1% of the training samples, the method
achieved optimal Kappa and OA of 95.90% and 98.30%, respectively, on the Farmland dataset. Ablation experiments were conducted for
each proposed module to demonstrate their effectiveness. This approach is capable of extracting discriminative deep change semantic
information, with both qualitative and quantitative results surpassing those of other advanced networks. This paper proposes JCDS?AN,
specifically designed to operate effectively under the constraint of limited labeled samples. The network fully exploits the differential
information between bi-temporal images, enabling effective information interaction between bi-temporal features and differential features. It
learns representative change features from paired input HSIs and alleviates intra-class feature fluctuations caused by limited training
samples. Validation experiments are conducted on three public datasets, including comparative analysis with state-of-the-art change
detection methods and ablation studies.

Key words: hyperspectral image, remote sensing images, change detection, multi-scale features, differential feature guidance, center pixel
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