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Abstract

This thesis aims at the problem of paper roll packaging defect detection, and proposes a paper roll
packaging defect detection algorithm FYOLOv5 based on attention mechanism and multi-scale
feature fusion. This method has the following characteristics: The algorithm uses the lightweight
YOLOv5s model as the backbone network structure, introduces the convolutional attention module in
the feature extraction network, and enhances the model’s ability to extract key features of paper roll
defects. In the neck network, an adaptive spatial feature fusion module is introduced to improve the
model’s multi-scale feature fusion ability, making the model use more fully the high-level semantic
information and the low-level visual information such as contour, shape and color. In the detection
head part, the Decouple module is used to decompose the target detection task, making the model
easier to optimize. Finally, the aloU loss function is used to optimize the IoU calculation degradation
problem when the real box and the predicted box overlap. This thesis collects and annotates a pa-
per roll packaging defect detection dataset, and conducts experiments on this dataset. The expe-
rimental results show that the improved detection model has an accuracy of 95.3%, which is 2.1%
higher than the original model, and the inference speed can meet the detection requirements of
paper roll packaging.
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Figure 1. Roll packaging defect detection algorithm module
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Figure 2. Adding CBAM structure diagram
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Figure 3. Spatial channel attention map
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Figure 4. Channel attention chart
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Figure 5. Spatial attention structure
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Figure 6. ASFF module
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Figure 7. Decopule module
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Figure 9. Example of a label
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Figure 10. Visualisation of results
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RERRLT 2, BN T — T, WA BT R M. A LT 2R EE A SR K iYOLOV3 4K
A BB, AT HUA FYOLOVS FEAERT R AE I HERA % B BIFRTH T 4.1%40 5.8%, BEtEscs
WA AT, BRI AL S ISR E R AR I I T B R, REASRTIN fAS AN AR R B N AxTH

Table 1. Performance test results of roll paper packaging defect detection model

1. EREERMENERMRENAER

Method Pl% R/% mAP@50:5:95/% F1/% FPS
YOLOV3 85.6 87.6 81.7 86.6 62
YOLOVS 93.2 92.9 88.6 92.6 81

SSD300 80.2 85.2 83.4 82.9 36
1iYOLOv3 91.2 90.4 86.6 90.8 96
FYOLOVS 953 93.2 92.4 94.2 71

Table 2. Effect of different modules on model checking performance

3 2. NEMRRIHR BN BERYFZNT

Num De aloU CBAM ASFF mAP@50:5:95/%
1 X X x X 88.6
5 N x x X 88.9
3 J J x x 89.1
4 v v v x 91.6
5 V V V V 92.4

N T RAESEAEEAIE e, BATRG AT T AR RS & X SN Fabr i . S <7
FORE RGBT RN T iZA0 L, “x” RORIEMI G ARAY ip R A FZARER,  ASFF 27 H 3E M 2% (B R AE filt
HEEH, CBAM RGBT R /1, De &R Decouple fHL, aloU 7R aloU 452K R4

R 2 A0, XS ERES 1. 2 415256 AT 4N, Decouple FEBRFEAS 1AL A HE n) S MESE, 45 mAP B
WHRT 0.3%MFRTE, (HWGETh 7B &, AR IR S R [ 1 7 frames/s. SN EEEE 2, 3 4
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