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Abstract; A simple and efficient lightweight DenseNet model was proposed, which optimized the
parameter redundancy and high FLOPs( floating point operations) in the original DenseNet model.
Firstly, the details and characteristics of existing popular convolutional computing units were
analyzed. Secondly, the convolutional unit combination with good characteristics was applied to
design the multi-structure convolution unit which was used to construct the lightweight DenseNet
model. The complexity of this lightweight model and the original DenseNet model was further
analyzed. The optimal configuration of the constructed network structure was given according to the
experimental results. The results of using the DenseNet —40 model with about 18. 8% of FLOPs and
28.4% of the model parameters are obtained, and the accuracy is only reduced by 0.4% at most.
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Fig. 1 DenseNet and GMSDenseNet structure diagram
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Fig. 2 Group multi-structure convolution unit
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