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R-NLN High-frequency Components Image Classification Model with Maximum

Mutual Information Constraints
XU Zhijian, OU Yang, LI Yi, LI Bailin, XIONG Ying
(School of Mechanical Engineering, Southwest Jiaotong University, Chengdu 610031, China)

Abstract : High-frequency precise machining components need to be customized, which leads to the difficulty in obtaining enough
image samples to train traditional CNN models for the realization of automatic classification. This paper proposes a related non-local
network high-frequency components classification model based on a meta-learning training strategy. A NLN module is introduced
based on the classical CNN model to extract adaptive task features by correlating global and local features of samples.The model is
optimized by maximizing mutual information constraints to improve the robustness of the model. The experimental results show that
the proposed model significantly improves the classification accuracy on minilmageNet and high - frequency precise components
datasets compared with various mainstream few-shot learning classification models.
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2.1 BIREMLIGIFE

R minilmageNet ZCH 42 F1 =5 450 o0 08 %5 m T T4
B 4R (TR FR O AR O 4R ) R AT LR,
minilmageNet £ 9% 52 £ & 100 25/ A Sk B, B350
600 Jk @M%, LA 60 000 sKEIRFEA il AT Ecdis
IR L IUR H 4 B BE 4R, G4 50 28/ MR T4 8
B RS 15 5B O R1R A 750 5KIRUIR KRR,
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Bk SRR 16 8
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X T A SRR 5325 fff /N A 488K 19 228 L B30 00 4R
minilmageNet #1728, ZEYIZRad &, M 38 400 4
IR REA L EEHLAMEL 1 000 M 45 KEAR , AT 55 B
1 4> mini-batch, 3 H.4F 10 ™ME51EN Epoch, T A —3t4
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Xof T A A MG 4328 At v M A i S A 7 4
MR, FEVIZRT R, A 1 440 SR8 R A LB ML
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T SE R HRSLES I LA ERAE 10 M55 1E A 1 4> Epoch,
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1555, B — M UIZREE D &7 S (3K 25) 5K S FF 42 R A 25
eI EL,
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MAML  fRABERI+ 03] 43.09  60.63  42.11 58.22
AAN AR+ 0242 54.89  62.37  52.67 61.26
GCN BEM+TS  53.03 6478 5123 63.27
TPN FBEMR+I62E 5447 67.05 52.12  65.50
MN JER+IT 4438 57.58 43.12 56.42
PN JE 4T 4443 66.04 42.18 64.79
RN [ +I0 50.13  64.33  49.22 63.12
R-NLN(A3)  Ehb+oe2¢ ) 61.89 74.51 53.87 74.09

MK 2 AT LIEH, Ll 5-way 5-shot N &% 1E H R
K14 minilmageNet 4r2&r R-NLN 1y mAp T # 2 A
B 2.0% , R EREEE 8.6%, LW HAb T > k&
11.8% , FE=A0 LA ES 4329, R-NLN 1Y mAp HhiE
2 BIR R 2.8% , WIS TR = 9.7% , L AT~ >
B 12.6%
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R-NLN == 250 18 19 R 418 i /R AR e A0 1A 1) 4 2
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NEAT 55454 5 2) 388 3 403 2% bR B0 B A JE, 240 o i /0 A TR tof
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A B O T4 FUBR A FRE T, (0 R 3 28 By X AR
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N 3 LI 45 R T LA . L S—shot 1 £iHE oy 3
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A TR 1 4.3%mEml R R IR R A BLAR B 2
AR R TR SR SR T 2 RRHIE A S A A
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B R R i T AR A BT, BT LA R-NLN KR AT 1
P H R I
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58 CNN BERIRG IR, 32 1 1 —Fh i RALELAR B Y
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