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Abstract

Abstract: A improved vehicle detection model based on multi-scale feature fusion of YOLOX network is
proposed to solve the problem of missing and false detection of small vehicle targets. Ghost-cross stage
partial(CSP) based on the depth separable convolution is designed to replace part of cross stage partial
in network to speed up the speed of detection. The max pooling mode of model is improved to Softpool
mode, and coordinate attention mechanism is introduced to enhance the feature expression of target to
be detected and to optimize the problem of target missing detection. Focal Loss is selected as the
confidence loss function of model to increase the weight of inaccurate classification samples and
improve the prediction ability of the model for small targets. The experimental results show that the
average accuracy of the improved algorithm is improved to 74.96%, and the speed is up to 73 frames per
second, which can better meet the requirements of real-time vehicle target detection.
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