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Abstract: As the core component of fiber optic gyroscope (FOG) , the winding quality of the fiber optic coils (FOC) is
critical to the accuracy of the FOG. In order to ensure the accuracy and elliciency ol the [iber winding system, a delect
detection method based on the improved YOLO algorithm is proposed. The model uses the Shufflenetv2 network to
replace the convolution layer and pooling layer in the YOLO backbone network, which improves the feature extraction
ability of the network; the Focus module is added to improve the training speed; the K-means clustering algorithm is
used to cluster the original anchor boxes, and obtain a prediction frame suitable for fiber winding defect detection, the
accuracy ol delect detection is improved; at the same time, the loss [unction is modified, the CIOU is used to calculate
the positioning loss, and the Focal Loss is used as the confidence loss and classification loss function to speed up the
network convergence; and data enhancement is carried out to enhance the generalization ability of the network. It is
concluded from the experiments that our proposed method is able to detect FOC winding defects with an average
accuracy of 99. 63% , which is an improvement of 2. 06 % over the original YOLO algorithm, and a detection speed of

91 [ps. This will guarantee the practical application ol the FOC winding system.
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Shufflenetv2 8. 036 97.73 65. 97
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SERHE . PR 28RN A B AR HE S5 B AE (-
S o B FARR R B B R T B AR R4, R,
1 YOLOv2 1 i T 1-I0U 2278 B 85, a5 B AR AE 5 % iz
AR e GEAED 1Y TOU B, T BE 2 BRI, 1-10U /).
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S5 HiAE RAHAE
(20, 27), (21, 3D),
(10, 14>, (28, 27>, (37,58)
(22, 25),
(81, 82), (135, 169), (23, 29), (23, 33),
(344,319) (26, 35).
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— e |
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YOLOv3-tiny 861  93.78  93.11 97.57
Shufflenetv2 ~ 8.036  93.78  93.4 97.73
Focus 8.398  94.42  94.53 98. 11
K-means 8.61 94.72  95.2 98. 71
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