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Object Detection Method of Construction Machinery Based on Attention
and Feature Fusion

WU Jing, ZHAO Er-dun, LIN Zhuo-cheng, QIN Wen-qing

(Central China Normal University, Wuhan 430079, China)

ABSTRACT: The work aims to propose an object detection method based on attention and feature fusion (AT-FFRCNN)
aiming at the problems of different size, mutual occlusion and different working forms of construction machinery objects
in the construction environment. ResNet50 and feature path aggregation network PFPN were used in the backbone net-
work to fuse feature information of different scales, and an attention mechanism was introduced into the region proposal
network (RPN) and fully connected layer to improve the ability of target recognition, and generalized intersection over
union (GloU) was used in the loss function to improve the accuracy of the object box. Experiments indicated that the de-
tection accuracy of the proposed method was greatly improved compared with other methods, and the average detection
accuracy (mAP) reached more than 90%. The proposed method can complete the detection task of the construction ma-
chinery better.
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Fig.4 Detection effect of two algorithms
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