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Abstract

With a strong ability to learn image features, convolution neural network has made a break-
through in machine learning. Directing at the shortcomings of the current convolution neural
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network methods, the concept of heterogeneous convolution kernel is creatively proposed by
changing the shape of the convolution kernel, expanding its receptive field and improving the
ability of the network to extract image features, without changing the number of convolution ker-
nel parameters. Through the method of image shift, the feasibility of heterogeneous convolution
kernel is solved. The convolution neural network which combines the heterogeneous convolution
kernel and the rectangular convolution kernel is constructed in order that the heterogeneous
convolution kernel can be effectively combined with the traditional convolution neural network.
The experimental results show that, compared with the traditional convolution neural network,
the convolution neural network combined with special-shaped convolution kernel has higher
classification accuracy.
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Figure 1. CNN network structure diagram
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Figure 2. Shaped convolution kernel and its receptive field
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Figure 3. The realization of the special-shaped convolution kernel
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Figure 4. Converged network structure
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Figure 5. Network structure
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Table 1. Experimental data
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Table 2. Experimental results
2 LWLHER

AR 25 R0 488 1 IE B 3R %

1EH KPR AL SR 21 il £ P 2%
MNIST 99.33 99.27 99.30 99.41
Fashion-MNIST 88.31 88.07 87.67 89.63
CIFAR-10 76.90 75.62 75.39 80.30

U4 2 fizni@id MNIST. Fashion MNIST Al CIFAR-10 #4405 BLSZIRIE R, BEA T 1B EE AN
FrA BRI 25 H 25 1) softmax 2, file CNN S [ 0 IR R A BN IG5 T, ok, S@dxtthk
L, SRHIES B IR 00 W 2608 Bk, L& 4 o T HORE B 4R TH R . B LARIA I 28 6 1
£ CNN R IUAGF I HdE 4 R AT 6 58 R0 A AT 5. Homid 22 1 inE s iR, SIRE R IR T ih 4450 5
INEBURR, TR T BELZRARRAIE (5 2] B8 1 A BT ER, BT LS P 45 G428 T CNN FIRHESRILEE /7,
MIMTHETE T HERG o @I = AR SR 07 LS00, FRATT R BB A FH RS A L IR HE 1Y) CNIND I8 345 1F
B UIZRH ) CNN W2 IERf 3 e, A4 Bl R TSR A S TR B UL I RO AT . X %A 5
PR R S LSRR A LA BURR I 45 R

Wi 3 Fiosih & M4 4E MNIST. Fashion MNIST F1 CIFAR-10 = Fh %545 45 b (¥ MR SR AR BA A 1 3
B, HAhE e DUE T K280 | OO R CNN, R ZEHI SR80 42 E1 T8 Sl vl LK 5
AR S FH B W 265 o SRR 106 9 2% P9 35 RS 250 A BE SR T AT 14 [15] o ZESEBRin) @, mT DA X i) i
HEON AR RHIE BT B RUZ, BT RIS RS & E 2 77 5.

DOI: 10.12677/csa.2020.1011207 1968 TR 5 R H


https://doi.org/10.12677/csa.2020.1011207

XN 4

Table 3. Comparison of accuracy rates of various methods
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