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Abstract: In order to solve the problem of low accuracy and poor effectiveness of traditional target detection., which is
difficult to adapt to the application scenarios of multi-target recognition in warehouse environment, an improved Faster R-
CNN target detection algorithm is proposed. Firstly, ResNet50 is used to replace VGG16 as the feature extraction network
to improve the detection accuracy of the model. At the same time, in order to take into account the detection of multi-scale
and small target objects, a feature pyramid network is introduced to form a residual pyramid feature extraction network
called ResFPN. Secondly, attention mechanism is introduced to improve the effective information utilization rate of the input
feature space and channels. Finally, ROT Align is used to replace the original ROI Pooling to eliminate the prediction box re-
gression error caused by quantization rounding. The experimental tests were conducted on the self-built data set with data
augmentation. The experimental results show that the improved Faster R-CNN algorithm proposed in this paper can meet
the detection requirements of targets such as people. forklifts and pallets in the warehouse environment with an average de-
tection accuracy of 90. 2%.
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