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Hyperspectral Remote Sensing Image Classification Model Based on
Spatial-spectral Combined with Siamese Contrastive Network
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Abstract: Currently, most hyperspectral image contrastive learning models exhibit deficiencies in label information utilization and positive—
negative sample balance. To address the small sample size issue in hyperspectral remote sensing image classification, a classification model
based on a spatial-spectral combined siamese contrastive network is proposed. Firstly, this model adopts a dual contrastive learning strategy ,
training supervised contrastive tasks and classification tasks in parallel to fully utilize label information. Secondly, a siamese network is intro-
duced for contrastive learning, taking positive—negative sample pairs as inputs to enhance the model’s learning ability for sample differences,
thereby improving classification accuracy and robustness. Finally, to address the imbalance between positive and negative samples, a bal-
anced contrastive loss function is adopted, and a joint training model for contrastive learning and classification is constructed. This utilizes the
inherent structural information of the data to enhance the model’s generalization ability, enabling high—precision classification even with

scarce labeled samples. Experimental results on the Long Kou and Pavia University standard hyperspectral datasets show that the classification
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accuracy of this model is improved by 1.42% and 1.32% respectively compared to the best—performing control model. The classification result

maps are closer to the true label maps, solving the small sample size issue in hyperspectral remote sensing image classification.

Key Words: hyperspectral image classification; siamese networks; contrastive learning
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Fig.1 Opverall structure of the proposed model
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Table 1 Parameter settings of spectral spatial feature extraction net-

work
F1 KETEFERENESHIEE
5y 3 [EES=ES] L Eia
Convld (1,32, 98] 224
BatchNorm1d [1, 32, 98] 64
ReLU [1, 32, 98] -
MaxPool1d [1, 32, 49] -
Convld [1, 32, 44] 6176
BatchNorm1d (1,32, 44] 64
ReLU [1,32,44] -
i MaxPool 1d [1,32,22] -
Convld [1,32,17] 6176
BatchNorm1d [1,32,17] 64
ReLU [1,32,17] -
MaxPool 1d (1,32, 8] -
Convld [1,32,4] 5152
BatchNorm1d (1,32, 4] 64
ReLU [1,32,4] -
MaxPool1d [1,32,2] -
Convld [1,32,21,21] 8672
BatchNorm1d [1,32,21,21] 64
RelU [1,32,21,21] -
MaxPool 1d [1,32,10,10] -
Convld [1, 64, 8, 8] 18 496
238433 BatchNorm1d [1, 64, 8, 8] 128
Rel.U [1,064,38,8] -
MaxPool 1d [1,64,4,4] -
Convld [1,128,2,2] 73 856
BatchNorm1d [1,128,2,2] 256
ReLU [1,128,2,2] -

Table 2 Parameter settings of comparative projection head

®2 MBI SHILE

o 2 A2 Y i 1 R E2ith
Linear [1, 288] 166 176
ReLU [1,288] -
Linear [1,50] 14 450

Table 3 Parameter settings of classification projection head
x3 HEREIBHERE

[ 265 S 25 0 i R E 2SN
Linear [1,288] 166 176
ReLU [1,288] -
Linear [1,9] 2601

X B 2% > B2 3D—CSNet' ' ; B3 F Transformer 1R
2 ) BB SS-MTR'™ s @ 4 T 97 7k 35 BUAY Xof Ll 2% > 5 Y
SC-EADNet® ; @D 3 F Transformer [ X 2% 3 #5 5 SC—
SS-MTR'"’,

% BARHER 2 (Overall Accuracy, OA) F ¥ uEmn R
(Average Accuracy, AA) Fll Kappa Z %l 3 1~ F8 b X #5760 4 15
HEATITAL
24 BRI

43R5 7051 0 45 B FE LongKou £ 3 4E 5 Pavia
University 508848 BI85 58 . nTLUE TR 24 > 1B
M55 4 AR fE W 3 L TR Ge L as o 2 B 7 PCA-SVM.,
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e TAS T RAUKESE N T BGRZ R, Tk s
Pt e DT 1) A LM 23 15 OCIRARRAIE 5 TR B 2 ) AU AT
83 R B TR 2 FRIE RAERE ), REAE 38 13~ ) HSIs (195 24
2 HEARFIE

FLARSR U, 7 LongKou B4 46 I, 14 52 77 1% PCA-SVM
B OA ALK 87.17% . FERHTR 2% I F 7 3D-CNN 2Z R T4
TEHREURE /1A, OA (R 2 70.66% . AHHE T HE Al R BE 2 >
WAL 5] A X 2 2] BL i B9 3D-CSNet , SC-EADNet , SC—

SS-MTR SEHE R 14 73 G B B0A7 W S 4 7, 5840 UE WX L
22 AU PR REARRAE 22 5 3B BC = G AT S5 . AR
SCELRL OA L AA | Kappa 043 il 35 1 97.05% . 95.65% .
96.15% , ¥I 1t T A X FU A Y | BRI % 5500 45 F I et o
BRI, G HR AR SO AR FE 25 15 45 & IO FRAE S B s
Fa e A T2 R G i 15 23 o) 4 B R AR (W] B 45 A e il
SRR RRIE RAERE ), AT BT T /MEAR I 53 N 1953
R SRE.

Table 4 Comparison of classification result of different models on LongKou dataset

%4 TEHEAE LongKou BBt M LR LK (%)

e PCA-SVM 3D-CNN HybridSN 3D-CSNet SS-MTR SC-EADNet SC-SS-MTR AR SO
1 88.46 75.69 83.68 99.66 92.60 99.46 99.03 98.63
2 29.61 12.22 96.03 99.69 84.51 66.86 89.30 92.78
3 19.29 10.24 100 97.91 100 87.43 100 98.10
4 94.10 53.20 94.72 92.36 90.54 99.16 95.64 94.74
5 35.43 52.38 95.17 94.45 90.07 40.73 99.59 94.80
6 65.95 61.34 85.48 98.30 97.56 88.37 99.09 98.03
7 100 99.41 93.72 94.62 95.40 99.97 96.19 99.96
8 69.62 79.64 83.05 70.73 5261 98.26 68.67 87.35
9 28.13 31.47 94.02 94.96 89.90 52.16 99.44 96.53

0A 87.17+0.33 70.66+0.22 91.71+0.23 94.41£0.27 91.43+0.11 91.96+0.58 95.63+0.17 97.05+0.16

AA 58.96+0.25 52.84+0.42 91.76+0.18 93.63+0.33 88.13+0.23 81.37+0.43 94.11+0.13 95.65+0.09

Kappa 70.1120.29 63.06+0.34 89.19+0.24 92.74+0.46 88.89+0.37 89.68+0.39 94.31+0.23 96.15+0.23

TE Pavia University 55 45 I, 157 OA 1) 28 b LA
5 LongKou B i 8 3 A — 8, LG AL 5 SLRIR 4 )
R 3 2 2% B A 2%, PCA-SVM 1) OA 1Y K 68.13%, 3D~
CNN [ OAfUH 48.83% , H5 4T LU 2 > TR W& 117 25 S L 7Y
PEREAE AR T4 FLUR B 24 S B R SO RS OA L AA

Kappa Z2 507391 4 91.43% .95.65% .88.89% , % B4 |-
A, 3 — 25 B0AE T 25 35 P R RRAE B U5 6 2 2] T
YIGRALH A RME e i f A A 4 R AF iz Ak ee s,
A A [F] 37 557 0 G 2 AT 55

Table 5 Comparison of classification result of different models on Pavia University dataset

£ 5 A [EHEBIFE Pavia University 3 &£ FRI S R ERELR (%)
25 PCA-SVM 3D-CNN HybridSN 3D-CSNet SS-MTR SC-EADNet SC-SS-MTR AR
1 83.59 10.94 84.11 80.41 79.60 85.76 93.69 92.60
2 80.39 53.55 81.43 86.34 74.74 82.92 84.90 84.51
3 57.35 39.68 88.18 90.57 79.19 84.03 92.55 100
4 55.60 80.53 91.81 90.44 74.97 81.48 90.07 90.54
5 100 99.61 96.55 97.90 93.97 99.92 98.47 90.07
6 26.39 44.73 94.58 94.58 89.47 76.07 95.72 97.56
7 57.27 35.53 100 99.85 94.87 86.11 98.85 95.41
8 67.09 52.55 92.18 84.64 91.42 58.48 96.34 52.61
9 12.50 93.45 89.01 86.66 73.68 99.05 84.67 89.90
0A 68.1320.23 48.830.22 86.620.23 87.52+0.44 80.09+0.33 80.41+0.36 90.11x0.13 91.43+0.17
AA 60.02+0.19 56.73+0.16 90.87+0.32 90.150.67 83.5420.21 83.75+0.53 92.80+0.15 88.1320.06
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Fig. 2 Classification effect of different models on LongKou dataset
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Fig.3 Classification effect of different models on Pavia University dataset
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Table 6 Ablation experiment result
£6 HMIRER (%)
fia LongKou Pavia University
- 0A AA Kappa 0A AA Kappa

ID-CNN 82.29+0.13 68.94+0.21 77.34+0.15 62.53+0.32 69.38+0.25 53.15+0.34
2D-CNN 95.91+0.1195.42+0.14 94.65+017 85.41+0.25 88.34+0.3281.27+0.15
Two—-CNN 96.54+0.1295.25+0.3295.48+0.22 87.34+0.10 88.57+0.18 83.61+0.24
SupCon  97.02+0.1595.83+0.1296.09+0.18 89.76+0.12 89.96+0.19 86.61+0.11
Siamese 96.75+0.23 94.86+0.2595.75+0.15 89.17+0.21 90.12+0.17 85.89+0.15
Siamese—b 96.95+0.1296.51+0.1395.99+0.1189.31+0.1290.44+0.16 86.07+0.18
ARSI 97.05+0.11 95.65+0.09 96.15+0.07 90.8120.03 91.41+0.04 87.98+0.06
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Fig. 4 Confusion matrix on the LongKou dataset
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Fig.5 Confusion matrix on the Pavia University dataset
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Fig. 6 Visualization results of feature distribution on LongKou dataset
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Fig.7 Visualization results of feature distribution on the Pavia University dataset
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