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Abstract: In view lem of missing or false detection in manual detection of large engineering vehicles

frequently entering an the construction site, this paper proposes an improved DETR (End-to-End Object
Detection with Transfo ) model to detect and identify transmission line engineering vehicles. Firstly,in the original
DETR backbone network, the dilated convolution method is introduced to obtain more deep features and enlarge the
receptive field. Then,the Feature Pyramid Network (FPN) is added to fuse the features of different scales to enhance
the robustness of the features. Finally, the loss function GIOU is changed to CIOU to make the model converge faster
and better in the training process. The experimental results show that APs,(IOU threshold of 0.5) and APsys (IOU
threshold of 0.5~0.95) of the improved DETR model reach 92.1% and 61.3% respectively in the self-made dataset,
which indicates that the improved model has high value of application in identification of transmission line engineering
vehicles.
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Fig. 1 Schematic diagram of dilated convolution
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Fig. 5 Detection effect diagram of the improved DETR model
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