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Abstract: To address the challenges of the complex spatial layouts of target scenes and inherent spatial-
spectral information redundancy of HSIs, an end-to-end lightweight deep global - local knowledge distilla-
tion (LDGLKD) method is proposed herein. To explore the global sequence properties of spatial-spectral
features, the vision transformer (ViT) is used as the teacher to guide the lightweight student model for

HSI scene classification. In LDGLKD), pre-trained VGG16 is selected as the student model to extract lo-

5 B #3: 2023-01-03; 1817 B #§ : 2023-02-09.
E2WB . FHEHARBFES W E (No. 42071302) ; T KT 88 2% A& W F A 8385 52 £ 3 %) % B35 B (No.
cx2019144)



o517 1

XUTEN, 25 < T 1] =5 0 1 52 A5 3 5 0 2 i A TR B2 4 Jmy - Jmg 0 A DR 288 18 o 5% 2599

cal detail information. After collaborative training of ViT and VGG16 through knowledge distillation ,

the teacher model transmits the learned long-range contextual information to the small-scale student

model. By combining the advantages of the two models through knowledge distillation, the optimal
classification accuracy of LDGLKD on the Orbita HSI scene classification dataset ( OHID-SC ) and hy-
perspectral remote sensing dataset for scene classification (HSRS) reached 91.62% and 97.96% , re-

spectively. The experimental results revealed that the proposed LDGLKD method presented good clas-

sification performance. In addition, the OHID-SC based on the remote sensing data obtained by the Orbi-

ta Zhuhai-1 satellite could reflect the detailed information of land cover and provide data support for HSI

scene classification.

Key words: hyperspectral scene classification; feature extraction; vision transformer; knowledge distilla-

tion; benchmark dataset
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Tab.2 Results of comparison algorithm [OA+STD ]

(%)

Method OHID-SC HSRS-SC
ResNet101 75.8641.41 95.9540. 26
ResNetl18 80.3440. 36 96.43+0.47
GoogleNet 58.17+3.80 87.8140.04
EffcientNet 83.8140.66 97.2140.64
VGG16 81.7840.50 95.1340.22
SKAL-R 55.1440.42 96.084+0.15
SKAL-V 59.8040.43 96.0140. 24
ACRNet-R 60.39+0.18 95.7540.07
ACRNet-M 65.02+0. 14 97.96=+0.41
LDGLKD 91.62+0. 20 97.96+0. 04
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Tab.3 Running time of comparison algorithms

(s)

Method Dataset OHID-SC  HSRS-SC
Train 9 52
ResNet101
Test 45 126
Train 8 49
ResNetl8
Test 19 121
Train 9 50
GoogleNet
Test 27 123
o Train 10 51
EfficientNet
Test 56 125
Train 7 52
VGG16
Test 15 129
Train 5 11
SKAL-R
Test 14 34
Train 5 15
SKAL-V
Test 15 36
Train 2 4
ACRNet-R
Test 5 13
Train 2 5
ACRNet-M
Test 5 14
Train 8 43
LDGLKD
Test 13 108
4 %

AR SCHE T — o 2 i B T R ORI AR
Y5t % LDGLKD, £ LDGLKD J5 ¥,
B FOM B VIT Fr $2 B f2 bR SOfF Bl it
HURZE R B 2] 22 AR R (TN 2R VGG16) .
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