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Abstract: A test model of YOLOv3-Mv2 was proposed to detect the scratches and defects of castings. Firstly, a
smaller skeleton network MobileNetv2 instead of the original feature extraction network structure Darknet53 was
chosen to reduce the amounts of computational parameters of the network and to accelerate detection. Secondly, a
new detection scale based on the fusion of deep and shallow features was added to enhance the detection capability
of the small defect target. Then the parameters of the BN layer were recalculated, sharing connected area data
with the reel layer to speed up the forward inference of the model. Finally, the Complete IoU function was intro-
duced to improve positioning accuracy. The results indicate that the average accuracy (mAP) value and the real-
time performance of YOLOv3-Mv2 were improved by 5.42% and 23 {/s than those of the original YOLOv3 algo-

rithm, respectively.
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Tab.1 Comparison before and after replacing the backbone network
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Tab.3 The comparative results of the test
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Automatic Modeling Technology of Casting Gating System Parameterization

Based on Creo Parametric
Liu Yingzhuo', Cui Engiang', Cui Yuxiang*, Zou Wenbing'
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Abstract: In view of complex modeling gating system, the parametric automatic modeling design was performed
in the Creo environment for secondary development. Based on family table technology and combined with Pro/
TOOLKIT for secondary development, the key technologies and development steps of parametric automatic mod-
eling were introduced, making up for the defects of freedom and poor interaction of automatic modeling through
family table. The modeling speed was greatly improved, and the design efficiency was increased overall via the a-
bove parametric automatic modeling.
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