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Lightweight Street View Vehicle Detection Method Combining Second Order Pooling

Attention and Dynamic Upsampling
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Abstract: To achieve vehicle detection in street view images under low-power hardware environment, we proposed a lightweight detection

method. Taking MobileNetV3 as the feature extraction network, we reconstructed the feature extraction layer, and introduced global second order

pooling(GSOP) convolutional attention units. At the end of MobileNetV3, we added a focus modulation unit to aggregate contextual information

from local to global scales. We used point wise convolution and deep wise convolution kernel to build a lightweight feature fusion network, and

used dynamic upsampling units for image upsampling. At the detection output, we used the quality focus loss function to calculate the classification

loss. The experimental results on the BDD100K dataset show that the proposed model mAP@0.5 reaches 89.64%. In the testing environment, the

detection speed reaches 37.13 F/s, which is 1.19 F/s faster than MobileNetV3, and can achieve efficient and accurate vehicle detection in street

view images under low-power hardware environment.
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