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Recognition of bulk cargo port unloading vehicles based on deep learning
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Abstract: In the process of intelligent transformation of grab cranes at bulk cargo ports, issues such as high time costs and low efficiency
exist in the recognition and localization of land-side loading and unloading vehicles based on image features. This paper proposes a cargo
port loading and unloading vehicle recognition algorithm based on the LW-YOLOvVS5 model. The algorithm first achieves rapid coarse
localization of the target using the hue saturation value (HSV) color space, followed by precise localization through a lightweight model.
Finally, the proposed method is applied to an actual engineering project. The results indicate that, compared to existing algorithms, the
proposed method reduces time costs and improves detection speed without compromising recognition accuracy.
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Fig. 1  Grab portal crane and hopper truck of bulk material harbors
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Fig.2 Flowchart of the coarse localization algorithm
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Fig. 3 Example for vehicles of the coarse localization
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Fig. 9 Model evaluation result
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Fig. 10  Comparison chart of detection results
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Tab.1 Comparison of detection effectiveness
L WS SE /s MR/ % AR/ %
YOLOvS J5fsis 0.036 9 99. 39 99. 81
LW-YOLOvS5 #51 0.028 9 98.53% 98.91
HLRE (7 +LW-YOLOVS 0.026 3 98. 86 99.23
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