e Artificial Intelligence

YOLO

( , 230027)
o YOLO , s s 68
, YOLOV3 , :
(AP)  90.63%, YOLOV3 4.6%.
; YOLO ; ;
: TP393 A DOI: 10.19358/j.i ‘5133 2020.09.011
, . YOLO G} ,2020, 39
(9):56-60.
Vehicle detection method bas;d whiproved residual
network structure on YOLO
Hu Chenc n Xianfu
(Institute of Microelectronics , University 0 nd Technology of China, Hefei 230027 , China)

network model has better feature extraction ¢ - ies than shallow network model, but will cause the gradient to disap-

Abstract: For vehicle detection task, the d*Q re efficient and accurate network model is a hot research. Deep

pear and the model to overfit and other proble Application of residual network structure can alleviate such problems.
Based on the YOLO algorithm, this

layers. A convolutional neural netyo

proves the residual network structure and deepens the number of network

=

| with 68 convolutional layers is designed. At the same time, the input image
is preprocessed to ensure that et is not deformed or distorted on the image. Finally, the model is trained and
tested on a custom vehicle and the experimental results are compared with the YOLOV3 model. The experiment
uracy (AP) designed in this paper reaches 90.63%, which is 4.6% higher than YOLOV3.
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