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Abstract In order to solve the problems of time-consuming and labor-intensive traditional manual visual inspection
methods and high missed detection rate in woven bag defect detection on industrial production lines, a lightweight real-time
defect detection algorithm GT-YOLOX (Ghost-TwoScale-YOLOX) for woven bag production lines is proposed. The algorithm
uses GhostNet as the backbone network , embeds the CA (Coordinate Attention) attention mechanism to strengthen feature
learning, and designs a two-layer feature fusion strategy to reduce the model calculation amount and improve the detection
speed. The algorithm has been effectively verified in the Hubei Huangshi Huaxin cement bag intelligent rejection project.
The results show that the GT-YOLOX algorithm can achieve an average detection accuracy of 95.22% for specific defects of
woven bags. At the same time, on a single CPU device, the detection speed of each image is shortened to 67 milliseconds.
Compared with the standard YOLOX model, the inference time is increased by 34.31%, and the model weight is reduced
by nearly 50%. It shows that the GT-YOLOX algorithm can effectively meet the requirements of fast and high-precision defect
detection of woven bags on production lines.
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Tab.2  Comparison experimental results of two-layer scale

feature fusion

AP/% Weights Inference-time
Model Fps
Blackline Blackblock Sparse M /ms
YOLOX-s 92.75 98.91  90.40 9.81 36.0 102
Two-Scale  93.44 98.97 9244 1294 36.0 77
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Tab.3 Replacement of GhostNet backbone network backbone

comparison experimental results

AP/% Weights Inference-time
Model Fps
Blackline Blackblock Sparse M /ms
YOLOX-s 92.75 98.91 90.40 9.81 36.0 102
GhostNet  91.53 99.00 9298 1545 18.0 65

THRLSEE 3K P g4 A 7 i f v, e T4
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Tab. 4  Comparison experiment of adding CA attention module

AP/%
Model Fps Weights/M Inference-time/ms
Blackline Blackblock Sparse
YOLOX-s 92.75 98.91 90.40 9.81 36.0 102
YOLOX-s+CA 93.44 99.14 93.08 15.45 19.0 67
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Tab.5 Comparison results of mainstream target detection models

AP/%
Model Fps Weights/M Inference-time/ms
Blackline Blackblock Sparse
YOLOv5-s 86.27 98.46 76.23 11.49 28.5 87
YOLOX-s 92.75 98.91 90.40 9.81 36.0 102
Centernet 91.26 99.00 88.78 3.61 131.0 276
YOLOvS5-EfficientNet 93.29 98.96 89.86 13.69 45.0 73
YOLOvS5-MobileNet 85.93 97.31 87.59 19.23 235 52
PP-YOLO 93.67 99.00 92.34 9.17 112.0 109
GT-YOLOX 93.44 99.14 93.08 15.45 19.0 67
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