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Application in Road Target Detection Based on Improved
YOLOV3 Algorithm
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Abstract; In order to improve the accuracy and real-time performance of target detection in the road environment,an improved detection
algorithm based on YOLOV3 is proposed. The deep separable convolution module is used to reduce the computational load of the model
and improve the real —time performance of the model. K-Means+ + clustering algorithm is used to replace the original K- Means
algorithm to generate the a priori anchor point box, which solves the problem that the K-Means algorithm is greatly affected by the initial
point selection and the clustering result is unstable. SENet is introduced into the multi—scale prediction network of YOLOV3 to strengthen
the feature learning ability of the network. The location loss function is improved to solve the problems that the intersection over union
measurement cannot reflect the intersection degree between the predicted box and the real box,and the IOU cannot be optimized to zero.
The DIoU-NMS is used to remove redundant frames,so as to reduce error suppression and improve detection accuracy. The experiment
shows that compared with the original algorithm, the proposed algorithm has improved the accuracy of the detection of five types of
targets while reducing the detection time.
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