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Abstract: Remote sensing image scene classification aims to automatically assign a semantic label to each remote sens-
ing image according to its content, and has become one of the hot topics in the field of remote sensing image processing.

Methods based on convolutional neural networks (CNNs) and methods based on self-attention mechanism are two
mainstream methods in remote sensing image scene classification. However, the former is less effective in exploring
long-range contextual information, and the latter has limitations in learning local information and has a large number of
parameters and calculations. In order to address these issues, a lightweight method based on knowledge distillation is
proposed to solve the problem of scene classification for remote sensing images. The proposed method uses Swin Trans-
former and lightweight CNNs as the teacher model and the student models, respectively, and integrates the advantages
of the two kinds of models by means of knowledge distillation. Furthermore, a novel distillation loss function is pro-
posed to enable the student models to focus on both inter- and intra-class potential information of remote sensing images
simultaneously. The experimental results on two large-scale remote sensing image datasets demonstrate that the pro-
posed method not only achieves high classification accuracy compared to existing methods but also has a significantly re-
duced number of parameters and calculations.
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Fig. 1 The flowchart of knowledge distillation
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Table 1 OA of different methods on AID dataset and NWPU-RESISC45 dataset with different training ratios

Viethod AID NWPU-RESISC45
Tr=20% Tr=50% Tr=10% Tr=20%
Fine—tuned VGGNet-16 92.75+0. 38 95.32+0. 19 90. 11+0. 09 93.27+0. 15
Fine—tuned ResNet-50 94. 28+0. 27 96. 25+0. 24 91.41+0. 22 93.83+0. 11
Fine—tuned ResNet-101 94. 12+0. 40 96. 35+0. 31 91. 50+0. 25 94. 07+0. 09
Fine—tuned ResNet-152 94. 99+0. 24 96.90+0. 13 92.52+0. 14 94.40+0. 17
Fine—tuned ViT-B 93. 54+0. 28 95.24+0. 24 89. 58+0. 20 91. 89+0. 09
SCviT' 95.56+0. 17 96. 98+0. 16 92.72+0. 04 94. 66+0. 10
T-CNN"" 94. 55+0. 27 96.27+0. 23 90. 25+0. 14 93. 05+0. 12
MGSNet'?! 95. 46+0. 21 97.18+0. 16 92. 40+0. 16 94.57+0. 12
KDLNet (ResNet—18) 95. 25+0. 29 96. 81+0. 20 92. 110. 15 94.05+0. 23
KDLNet (MobileNetV3) 95.68 0.17 97.11+0. 22 92.87 0.13 94.88 0.06
KDLNet (EfficientNet) 96.01 0.25 97.32 0.18 93.18 0.20 95.12 0.13
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Fe R, BT B2 O R B OA 42 TH 43 51 2. 06% Fil
0. 74% ; 76 NWPU-RESISC45 308 4E |, Fr4 i 7 vk
1 OA 2 F+43 51 M 1.95% A 1. 14%. {H 51 &1

R2 FTRWFTEEAID BHIRE EXEL T HRA

J L G ARG R 58 R A U R B
PRI B 73 FORG BE o 1O PR SR B BUR R B
A CNN #2320 T Transformer £55 B 44 586 i) K FR (5
B AL E AR T R A B RRE B A eE
fE 7, AT fin 4 v M P A SRR . 2R L TER
Bl 4 L0y S a5 AR, B 107 vk 7R B RN
sy AT 55 h R A .

I 4k, Kl 4 45 8 T KDLNet (EfficientNet) 5
Fine—tuned EfficientNet Yl 2t F2 h 7E 304 425
WAL, nTLUAE S, Brig 9 KDLNet 55
FEZ Tk BA AR R R S, H A 2KS B R AR
KRR R o

B 7 OA 258 VR A H R4 Al 3#E— 20 5 iE KDLNet
HPEfE, LA KDLNet (EfficientNet) A, K5 &R T
B #2139 KDLNet 78 AID Fil NWPU-RESISC45 5 i

Table 2 The increase of the proposed method over baseline methods on the AID dataset

0A 0A
Teacher Student
Tr=20% Tr=50% FT, Tr=20% Ours, Tr=20% FT, Tr=50% Ours, Tr=50%
i ResNet=18  94.22+0.24  95.25+0.29 (1.03 1)  96.24+0.12 96.81+0.20 (0.57 1)
OWINn—
et 95.95+0.35  97.18+0.23  MobileNetV3  93.46+0.36  95.68+0.17 (2.221)  96.21+0.27 97.11x0.22 (0.90 1)
ransiormer
EfficientNet  93.95+0.36  96.01+0.25(2.06 1)  96.58+0.18 97.32+0.18 (0.74 1)

#3 FTRIFIAETE NWPU-RESISC45 #iE & FXI B L& /AR F
Table 3 The increase of the proposed method over baseline methods on the NWPU-RESISC45 dataset

0A 0A
Teacher Student
Tr=10% Tr=20% FT, Tr=10% Ours, Tr=10% FT, Tr=20% Ours, Tr=20%
Sui ResNet—18 91.02+0.24  92.11=0.15(1.0917)  93.31+0.15 94.05+0.23 (0.74 1)
win—
Transt 03.23+0.17  94.90+0. 14  MobileNetV3  90.69+0.37 92.87+0.13 (2.18T) 93.56+0.09 94.88+0.06 (1.32 1)
ransiormer

EfficientNet ~ 91.23+0.21  93.18+0.20 (1.957T)  93.98+0.13  95.12+0.13 (1.14 1)
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Fig. 4 Test accuracy on AID dataset (20% training images) and NWPU-RESISC45 (10% training images) with the proposed KDL-
Net and the Fine-tuned EfficientNet: (a) AID dataset (b) NWPU-RESISC45 dataset
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Fig. 5 Confusion matrices of the proposed KDLNet based on EfficientNet on the AID and NWPU-RESISC45 datasets: (a) AID da-
taset, Tr=20% (left), and Tr=50% (right), (b) NWPU-RESISC45 dataset, Tr=10% (left), and Tr=20% (right).
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Table 4 Analysis of hyper—parameter T

0A

T NWPU-RESISC45 (Tr=
AID (Tr=20%)
10%)

1 95.19+0. 33 92.58+0. 15
5 95.90+0. 29 93.16+0. 19
10 95.97+0. 29 93.130. 19
15 95. 98+0. 25 93.18 0.20
20 96.01 0.25 93.18 0.20
25 95.92+0. 19 93.1540. 24
30 95.95+0. 24 93. 16+0. 24
35 95. 94+0. 22 93.130. 17
40 95.95+0. 26 93.120. 22

K FH B 20U B2 Y Swin Transformer ¥ 87. 70M
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Table 5 Detialed performance comparison of each

component of the loss function on different

datasets
0A
Melhod NWPU_RE_
AID (Tr=20%)  SISC45 (Tr=
10%)

Baseline (L) 93.95+0.36  91.23+0. 21

+Lo 95.75+0.10  93.02=0.21
L, 95.82+0.17  93.05+0. 26
L AL 95.93 0.23 93.11 0.22
Lo 95.81+0.17  93.130. 19
Lo 95.86+0. 14 93.12+0.20
Lol 96.01 0.25 93.18 0.20
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Fig. 6 The impact of the balancing factoraon the classification accuracy on the AID dataset (20% training images) and NWPU-RE-
SISC45 dataset (10% training images): (a) AID dataset (b) NWPU-RESISC45 dataset
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Table 6 Parameters and FLOPs of different networks

Methods Parameters FLOPs
VGGNet-16'" 134. 38M 15.47G
ResNet-50" 23.57M 4.13G
ResNet-101"* 44. 55M 7.87G
ResNet—152"* 60. 19M 11. 60G
vir-B!" 85. 68M 16. 86G
Swin-Base %! 87.70M 15.17G
KDLNet (ResNet-18) 11.7M 1.82G
KDLNet (MobileNetV3) 4.2M 0.23G
KDLNet (EfficientNet) 5.3M 0.42G

B7 FriRH 7% (KDLNet) 5 %4 77 3% (Fine—tuned ResNet-18) £ NWPU-RESISC45 #[#E4& FREI LR ItL, £—1TH

HiREHNRBE S, EZTME =172 A E L% 5 A KDLNet B E

Fig. 7 Visual comparison of heatmaps between the proposed method (KDLNet) and the baseline method (Fine-
tuned ResNet—-18) for NWPU-RESISC45 dataset. Original scenes from the NWPU-RESISC45 dataset are

given in the first row. The second and third rows correspond to the heatmaps of the baseline and the pro-

posed KDLNet, respectively.
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