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Identification of Fan Oil Contamination Based on Improved Deep Learning
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2. Jiangsu intelligent perception technology and equipment Engineering Research Center, Nanjing 211167, China)

Abstract: Aiming at the identification problem of fan oil pollution, it needs to be solved urgently when the oil leakage of fan e-
quipment affects its normal operation, an oil pollution detection method of fan equipment based on the improved deep learning is pro-
posed. The method is based on the application characteristics of deep learning in object detection, improves the object detection net-
work YOLOv5n (You Only Look Once v5n), replaces the non-maximum suppression (NMS) in the original network by the Soft-
NMS, reduces the false detection rate of the network, adds the coordinate attention (CA) mechanism, and enhances the positioning a-
bility of the model to the target, and improves the original network loss function to the alpha intersection over union ( o-IoU) loss
function, and improves the accuracy of the bounding box detection. Experimental results show that the average accuracy of the model

is improved by 8. 1%, the totality rate by 19. 1%, and the network inference speed by 28.6%. The improved model can accurately

detect the oil pollution of the fan. and it effectively solve the problem of oil leakage in the actual operation of the fan.
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YOLOv3t| 8.67 | 17.4 |87.4(70.1| 74 12. 42 0.7
YOLOv3 | 6.15 |123.5|87.4(68.2| 74.6 15.05 5.7
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CloU 1.76 | 3.8 [86.3]73.4| 85.1 12.72 0.9
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