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Lightweight image classification network based on heterogeneous convolution
YU Minghao, GAO Jianling, HU Chenggang
(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] The problems of large parameter quantity and high computational difficulty exist with most large neural networks. If
large neural networks want to apply to mobile devices, they are constrained by computing resources. Although existing lightweight
networks solve some computational problems, at the same time, its network uses massive 1x 1 point convolutions, which has
become a computational bottleneck of the current lightweight network. In order to solve the problem of computing bottleneck caused
by point convolution, first propose to use GhostModel to replace part of the point convolution, then combined with heterogeneous
convolution to improve the residual structure, propose two improved modules ResHetModel_A and B, and use the improved modules
to form a lightweight network HSNet. Finally, the attention feature map is analyzed, and attention mechanism is added to the
network to improve network expression. The classification experiments on the CAFIR10 and CAFIR100 datasets prove the
effectiveness of the network. Finally, experiments on the ImageNet large dataset show that HSNet has a certain generalization.
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Fig. 1 Heterogeneous convolution
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Fig. 2 Improved heterogeneous convolution
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Tab. 1 Overall network structure

Satge In size —Out size ECA
Stem 224-112 0
1 112-56 1
2 56-28 1
28-14 1
4 14-7 0
FC 1 280x1x1 -
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Tab. 3 CAFIR10 experimental results

B FLOPs KGR/ %
ResNet50 4.09 G 84.16
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Fig. 7 CAFIR10 dataset training results
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Fig. 8 Training set and validation set confusion matrix
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Tab. 4 Experimental results of CAFIR100 datasets

ZHU/M FLOPs Topl 51R3%/% Top5 F51R%/ %
Lightweight GhostNet 4.00 149.23 M 36.22 12.33
o 4 MobileNet 3.30 2.34 G 34.02 10.56
MobileNetV2 2.36 282G 31.92 9.02
SqueezeNet 0.78 2.69 G 30.59 8.36
ShuffleNet 1.00 222G 29.94 8.35
ShuffleNetV2 1.30 223G 30.49 8.49
HSNet (A= (A5 3.00 231.87 M 29.25 8.41
un-Lightweight VGG16 34.00 15.48 G 27.07 8.84
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