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Re-lightweight Method of MobileNet Based on Low-cost Deformable Convolution

SUN Chang-di.PAN Zhi-song and ZHANG Yan-yan

College of Command and Control Engineering, Army Engineering University of PLA,Nanjing 210007, China

Abstract In recent years,with the development of unmanned driving,intelligent UAV and mobile Internet,the demand for light-
weight neural network from low-power,low-cost mobile and embedded platforms is increasingly urgent. Based on the idea of de-
formable convolution and depthwise separable convolution,this paper presents a low-cost deformable convolution, which has the
advantages of high-efficiency feature extraction ability of deformable convolution and low computational complexity of depthwise
separable convolution. In addition, on the basis of applying low-cost deformable convolution and combining with the method of
model structure compression,4 lightweight methods of MobileNet network are designed. Experiments on Caltech256 , CIFAR100
and CIFARIO datasets demonstrate that low-cost deformable convolution can effectively improve the classification accuracy of
lightweight networks without significant increase in computational effort. Besides, the accuracy of the MobileNet network can be
improved by 0. 4% ~1% by combining the 4 MobileNet re-lightening methods in this paper, while the network computing load
can be reduced by 5% ~ 15%, which significantly improves the performance of the lightweight network and better meets the
practical needs of low power consumption and low computing power. It has very important practical significance for the advance-
ment of intelligence in the field of mobile and embedded platforms.

Keywords Low-cost deformable convolution, Deformable convolution, Depthwise separable convolution, MobileNet, Lightweight,
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