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Abstract: Cross-domain few-shot hyperspectral image classification faced the dual challenges of domain
shift and label scarcity. Existing methods predominantly relied on pure visual features or adopted fixed text-
visual alignment strategies, which struggled to capture fine-grained spectral discriminative information and
overlooked the quality differences among target domain samples. To address these issues, a text-enhanced

dynamic contrastive and adaptive prototype guidance classification method was proposed. Firstly, a dual-

B #8:2026-06-08; 1&1T H #5 : 2026-07-20.
HEWH:FRARREZ LT H (No. 42171437)



5518 491 R, 25 BT SO AR T L5 3l SRR | A B e e D' 1 R 5 00 26 2923

branch multi-scale network extracted spatial-spectral visual features from image patches, while a CLIP
text encoder was introduced to obtain class-level semantic representations serving as cross-domain stable
anchors. On this basis, a text-enhanced dynamic contrastive learning strategy was designed, which dynam-
ically adjusted the weights of hard negative samples according to the degree of visual confusion, thereby en-
hancing the discriminative ability for fine-grained categories. Meanwhile, an adaptive prototype guidance
loss was constructed, which adaptively fused text anchors and source-domain visual neighbors based on the
discriminative salience of target-domain prototypes in the source feature space, indirectly improving the re-
liability of target-domain prototypes through gradient back-propagation. Cross-domain experiments are
conducted with Chikusei as the source domain and Indian Pines, Houston, and Salinas as the target do-
mains. The overall classification accuracy of the proposed method reaches 81.22%, 76.82%, and
93.32%, respectively, representing an improvement of approximately 2%-5% over existing mainstream
cross-domain few-shot classification methods. Through the effective synergy of dynamic contrastive learn-

ing and adaptive prototype guidance, the proposed method significantly improves the classification accura-

cy and stability in cross-domain few-shot scenarios.
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2 30. 63 79.61 43.58 44.58 51.62 64.98 69.19
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11 42.96 62. 24 64.11 60. 00 58. 36 70.9 74. 29
12 33.32 45. 26 48.11 40. 82 57.41 68. 86 80. 80
13 90. 45 33.58 97.7 95.7 97.25 99 98. 90
14 67.76 90. 85 81.12 76.95 82. 64 91.05 92.02
15 27.87 92.37 63.88 61.81 80. 24 91.29 88. 16
16 87.39 81.76 97.27 98.3 96. 59 95. 45 97.16
OA 46.8944.02 49.3642.88 64.4142.39 61.364:2.23 68.504.58 76.0443.37 81.2241.14
AA 57.60£2.66 60.9843.21 74.4542.09 72.684£2.05 80.2242.12 84.94+2 47 88.68+1.17
Kappa  40.6943.87 43.2843.05 59.84+2.55 56.4042.37 64.65+4.90 72.98+3.81 78.8141.28
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Tab. 2 Classification accuracy comparison of different methods on HT dataset
Class SVMH 3DCNN"  DCFSL[23] Gia-CFSL[16] ADAFSL[24] FSCF-SSL[25] Ours
1 80.11 81.76 82.32 81.05 81.62 76.25 81.60
2 72.58 79.61 76.86 81.75 78. 34 71.33 80. 65
3 99.21 91.54 96.53 87.76 96. 63 93.8 99.19
4 81.41 85.27 87.81 87.55 89.87 83.23 90. 08
5 87.14 97.25 97.05 94.17 97.15 87.71 98.87
6 82.31 61.61 80. 21 65. 66 73.92 90. 21 79.65
7 70.95 71.16 70.02 64.19 62.46 83.73 83.99
8 20. 39 40.74 35.82 40.75 41.28 31.55 40. 47
9 65.95 61.41 59.47 57.48 65. 68 71.39 73.31
10 34.72 42. 36 43.22 42.75 46.13 62.2 51.00
11 58.62 62.24 63.47 46. 94 59.82 64.33 76.95
12 29. 88 45. 26 53.84 57.87 60. 00 64.63 64.75
13 35.47 33.58 75.96 75.86 37.61 74.21 75.16
14 89.23 90. 85 86.07 78.02 94.09 98.87 97.17
15 97.72 92.37 96. 36 87.53 90.19 73.97 99.81
OA  63.63%1.84 68.474+2.30 70.1742.07 67.794+3.09 70.19£2.03  71.79+3.44 76.82+1.14
AA  67.05+1.49 69.134+2.27 73.674+2.01 69.96+3.51 71.65+2.00 75.16+£3.80 79.51+1.03
Kappa 60.71+£1.93 65.83+2.44 67.72+2.20 65.19+£3.30 67.72+2.18 69.50+£3.75 74.944+1.23
RI AEAEESAHESE ENSEXBEILE
Tab.3 Classification accuracy comparison of different methods on SA dataset
Class SVMH 3DCNN DCFSL™  Gia-CFSL"" ADAFSL[24] FSCF-SSL[25] Ours
1 96. 74 95.13 99. 40 97.79 98.91 99.91 99. 94
2 96.53 98. 86 99.63 99. 36 99.41 97.32 99.95
3 87.37 87.02 93. 66 89. 66 92.56 94.35 94.62
4 97.08 94.67 98.76 99.11 98.19 99.8 99.72
5 93.3 89.33 93.37 88.65 93.47 96.06 96
6 93.25 98.5 99. 34 97.88 98.11 99.5 98.98
7 99.18 95.93 99.77 99. 25 93.74 94.6 99. 34
8 50. 33 55.21 75.12 73.78 74.23 76.41 82.88
9 95.43 92.94 99.35 97.49 99.72 98.94 99.97
10 80.75 79.6 85.55 81.13 82.68 95.03 92.92
11 89.71 92.34 96.43 96.17 98.01 99. 37 99. 33
12 99. 60 98.18 99.73 97.77 99.71 98.95 99. 25
13 94.70 96. 66 97.83 98. 24 99. 03 99. 45 98. 46
14 90. 08 94. 26 98. 39 97.98 99.48 96. 56 98. 26
15 66. 84 65.45 70.77 73.8 75.88 83.67 85.94
16 78.40 83.8 91.98 85.04 90. 38 95. 14 95.11
OA  80.5143.35 81.28+1.54 88.82+1.60 87.57+1.70 88.63+£3.67 91.194+1.26 93.32+1.37
AA  88.08+2.23 88.6240.91 93.6940.87 92.07+1.38 93.344+1.96 95.32+1.41 96.2940.87
Kappa 78.45+3.68 79.28+1.66 87.57+1.76 86.20+1.86 87.39+4.03 90.22+1.40 92.57+1.52
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Fig. 3 Classification maps of different methods on IP dataset
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Fig.4 Classification maps of different methods on HT dataset
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Fig. 5 Classification maps of different methods on SA dataset
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Tab.4 Ablation experiment results

FSL+ FSL+ TECP-CF-
Datasets Only FSL )
APGL TECL SL
P 77.46 79.23 80.74 81.22
HT 74.71 75.43 76. 24 76.82
SA 92.71 93.10 93.11 93.32
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Fig.6 Two-dimensional feature visualization on the IP dataset under different ablation configurations



2932 e K TR

34 %

25 RERRFAE © BB Y W) 25 AT 0 1 26 ) SR s, R %
S5 H % b 5 s {5 2R B G A L A Sk A
SREJT s fE SR b, 51 A TECL J5 (K 6(c)) 2
ST A5 T g R () ) B B S, R B A
M BRE AR AL 1 5k A6 T A0 R E 28 ) (1 4 A AT
551 A APGLJE (1 6(b)) , JEAS i 85 BT J& 7%
NG SR RN = N R i B O D VP I} A S
3¢ B O W kA ) D R o R A 22 2R R B T
W IEAE b A AT 0 Ak 5 SR o 0 T Sz e T R4y 3
W 286 X 25 3 R AE A A ACER B, S IR AR AR A T
AR W e FRAE LA AR T Y VR R TR A
e B TECL ) 5 28 W] i1 5t i AR B %, )
FEAAT BR 5 00 T 2 A i 25 B 2 X P A OE
APGL RBA& 1EA 31l J5 8L 4 22 , 20 JC vk 24 oK
MR AR TR & o [R5 A AR5 A 78 7
SANEUEE BB A R I S D
= 0 SA B4R EABSEIE 0. 61 % it — 207t
ST BB B SRR AE 2 A (T 6(d)) RN BB Y
72 1] 343 535 M (9 R A, W] TECL 5 APGL 433l
VR4 J5 40 590 1 55 050 38 i 28 J5 a5 3K G A4 AN [
R, O RO 0, A R A s B T

@ 0.6
R D RO L ey 0.50
N\I/\Nl\"’ v, v
0.5 1 Nlr\'\l L0.45
041 ,/l d — S, (Visual prototype similarity)
’ K -= o (Discriminative coefficient) 040
o 031 1035
e 0.30
81 0.25
0.01 0.20

0 1000 2000 3000 4000 5000
Training episode

PRzt R I
3.5 EhaSME U AR INALHLE) 5 4

S5 UE TECL 88 e v |7 38 1 £ 4 A i AL
ML B S B s AR O, B 7 DL TP S04 46 0 191 )8 /R
TN ZRak B A AL 0 s A ARk . sl 7 (a) BT
7 IR 0 45 2 40 0 Jir 2 () 1) S 25 A% o2 AR AL B
S B (£90.58) , BB X 43 B &R A0 o 01K (2
0.21) , B #4) 35 DAAI 5 AR AL RE 50 3 5, 2 fifi A
UG 6 56 T o b v JRE R R0 A X £ A A B I 2
WEAE S, B WS E OB, o #H N B FH I Fo e
FE0. 49 224y, R W Bl 2 25 o] ] o3 ME4R T AL A
T SCAR T e b LhBE 2 KL X 5 K(6)
BB AT, B 7(b) B, YR g
o TR VA B R R A B w Z R R
(£91.63,1.68,1.72), b5 Y 2R S40% W ks T 42
IR EAE 1. 49~1. 51 IX i) AN 22 4 v T AR
TR 28 R e R DI 2 3 U ks T — 3K
22 WYX 1R A AN PR B 32 R A0, i AR AL ] O
o BREE AR W], HE R AR I A [ e H
(RIS S NI el i1 ) B AR ATl = B I - S 4
UE T F A AL ) A A Ak o

b
) — Low-confusion pairs
1.701 — Mid-confusion pairs
= — High-confusion pairs
.ﬁ“ 1.65 1
[
z
2 1.601
s
g
§ 1.551
p=
1501 ’4\
|

0 1000 2000 3000 4000 5000
Training episode

7 o R G A A BIL ] B 1 25 3l 2

Fig.7 Dynamics of the adaptive hard-negative weighting mechanism during training.
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Tab.5 Overall accuracy under different A, weights(OA %)

Lrge Weightd,
Datasets
0.5 1 1.5 2
P 80. 09 81.22 80. 34 81.02
HT 75.85 76.07 76.78 76.82
SA 92.94 93.09 93.32 93.22

x6 ARELETHLREHEE
Tab. 6 Overall accuracy under different A, weights(OA %)

L svc Weight,
Datasets
0.5 1 1.5 2
1P 81.02 80. 82 80. 65 80. 15
HT 76.44 76.82 76.07 75.81
SA 93.27 93.03 93.13 93.32
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