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Abstract: Aiming at the problem of poor recognition effect due to dense occlusion of the target to be recog-
nized during visual grasping of service robots, we propose to improve the dense occlusion target recogni-
tion method for service robots with YOLOv7. First, in order to improve the problem of recognition diffi-

culties caused by the loss of feature information of densely occluded targets, a deep over-parameterized
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convolution was used to construct a deep over-parameterized high-efficiency aggregation network, and dif-
ferent convolution kernels were used to operate on each channel to enhance the network sensing ability, so
that the network focused on the features of the target's uncovered area; second, in order to suppress the influ-
ence caused by dense occlusions and indistinguishable target boundaries on recognition, the coordinate atten-
tion mechanism was embedded into the backbone network. This enabled the network to obtain target posi-
tion information and paid more attention to the important areas in the feature map, thereby enhancing the ca-
pability of the network to extract features; finally, the Ghost network was used to improve the lightweight-
ing, reduce the number of parameters of the network model and the number of floating-point operations to re-
alize the lightweighting, reduce the memory occupation of the model, and increase the model operation effi-
ciency. Comparison experiments were conducted on the model in the self-constructed dataset and the public
dataset respectively, and the experimental results show that the improved model achieves a mAP of 92. 9%
on the self-constructed dataset and 87. 8% on the public dataset, which is better than the original method and

the other commonly used methods. In this paper, the model reduces the memory footprint while the recogni-

tion accuracy and recognition efficiency are improved, and the overall performance is better.
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Fig.3 Coordinate attention module
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Tab.1 Dense occlusion of dataset
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Tab.2 Results of ablation experiment
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Tab.4 Self built dataset dataset comparison experiment results
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YOLOV5-s 85.3 78.0 86.3 14 32.2
YOLOv5 g ik 90. 2 76.0 86.7 36 28.6
YOLOV5-1 90. 4 81.2 88.5 90 30. 2
YOLOv4-tiny-x™* 89.1 82.9 88.6 82 34.4
YOLOv7 87.9 82.8 88.8 72 31.3
YOLOvS-1 92.3 78.4 89.6 84 34.1
Im-YOLOv7 92.8 88.7 92.9 50 35.8
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