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Abstract: This paper proposes twe‘ht model Mini Net for real-time detection and its accuracy is guaranteed.

Mini Lower uses Group convoluti annel merging to extract low-order micros, while Mini Higher uses separable
Depthwise convolutions to e -order micros. The efficient convolution implemented by the Mini module greatly
reduces the amount of par d computation, and the nonlinearity brought by more layers in the space dimension
is introduced, which can i ve the extracting ability of the module. In addition, a combination of a finer micro and
multi-scale prediction is used in the model to improve small object detection. Based on a series of ablation experiments,
the effectiveness of the Mini module design is verified, and the comparative experimental results very that the real-time
performance of the Mini Net model is better than that of the full convolution model. When the parameter amount is only
0.92x10°, the target micro can be extracted effectively.

Keywords: convolutional neural network; lightweight model; object detection; image recognition
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Tab.3 Multistage traAi '

&%/%

B gkt Hhk B Bohi B
SR -1 -
HWB BOTHE 0.01 -
F=BrE BT 16 0.01 v
4 BELLR
Tab.4 Model comparison
s BHhE USUEBEIE /%
Mini Net 923,420 26.92
Mini Net—A 1,021,876 27.65
Mini Net—B 2,334,292 26.79
Mini Net—C 914,876 28.75
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