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Worm surface defect detection with fusion of multi-scale features
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Abstract: To tackle the challenges of reliance on manual inspection, low detection efficiency, and high
costs in detecting surface defects on worm gear teeth, automated methods utilizing machine vision were re-
searched. A defect collection system was designed to capture worm gear defects, and data augmentation
strategies were introduced to handle varying defect occurrence rates. Enhancements were made to the YO-
LOv7 algorithm. Firstly, to address the differences in defect size distribution, a progressive feature pyra-
mid was incorporated to reconstruct the neck network, improving the model’s multi-scale feature fusion ca-
pability. Secondly, an attention mechanism was added to minimize interference from non-defective areas
and bolster the model’s focus on defects. Lastly, the regression loss function was modified to SIOU, and
orientation consideration was included during network training to boost detection accuracy. Ablation experi-
ments demonstrated the effectiveness of these improvements. With a 20.7% reduction in parameter count,
experimental results show that the proposed algorithm achieves a 3.3 percentage point increase in accuracy
compared to the YOLOV7 algorithm. Additionally, when compared to other algorithms like YOLOR and

YOLOvSm, this algorithm provides optimal detection performance, effectively meeting the requirement
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for automated detection of surface defects in worm gears.

Key words: machine vision; surface defect detection; YOLOvV7; feature pyramid
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Tab.1 Worm shooting camera and lens parameters
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Tab. 2 Distribution of worm raw data defect

Property Value Defect type Defect code Defect quantity

Resolution 2 448X 2 048 Ti 1 1609
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Fig.4 Worm defects after image enlargement
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Tab. 3 Distribution of surface defect data in worm dataset

Defect type Train Val Test Total
i 1548 242 205 1995

Sc 1372 140 144 1656

Fc 804 108 96 1008

Sd 1674 171 144 1989
Image quantity 3862 480 463 4 805
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Fig. 6 Impact of data augmentation on mAP of model
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Tab.5 Experimental results of inserting EMA at differ-

ent positions

Project code Inseft.ion Parameters mAP@
position 0.5/%

— — 28.73 75.5

1 4,5 28.75 75.9

2 6,7 28.75 75.6

3 8,9,10 28.79 75.6

4 2,3 29.61 74.7

5 1,2 28.94 76.5

PLE B, A4 A S APEN B %5 BE (7% 3)
s R] (7 58 2) VR B I HLH A SR . (H R Y
TR LR AR G B (7 %8 1), W 2% B0 1 11 £
MAE RS 17 0.4% . i —20 ¥ 0 2 1 WL A
A Backbone 9% )2, 36 AAG)Z Fd 2 5 b O
F5)RM T 1% BT AU 1 T 0. 2IM By 28
AR o TR R BRI S 0 A v 2 s s
L) KRG BRI B . 8 R TR AR
015 %5 R AT Al A T ML B I T BT
CF UL 301 1) B 7 R, 2168 76 21 38 7R KT ab Y4 )
S5 R0 TTERBR R, R 2 B o AT RLE B T
TR JIAUE LU P 25 55 70 2 T oG 1 dk B B
T, G5 BRF ST % 2 TR 4 AE X6 ARG 000 45 SR 4 AN R 4
A A W R VA S SR (B 7 N O S o R g 1)
BB B LI S ATENL B 1, 2 A8 A1 AU i
P 28 AT RRAE SR R, B FH R RS B

£ AFPN-HEMA 9 [ 28 5 8 1 47 1 [l )5 4
2R oA B X LG S G, R 58 AN [R5 % R ESOGT A
5 Ry sg g, Wk g5 R a0 3£ 6 Fr ok o CloU Al
SToU J& fie 3 15 W AT ke g A5 0 A8 55 19 1] 01 45 2K b
#, CloU fE by f81 2k o8 BB mAP, ;i 76.5%,
mAP,; H 26.5% . * H DIoU, GloU, EloU,
MPDIoU, WloU kK H A2 JE bt A< By mAP, , ¥ A A
[ii] A2 B 0 T B, 24 5% FH SToU 1 iy [m] 5 48 25 bR 8K
B mAP, & FF 7 0.04% ,876.9% . I, 75
(B4 0. 5 2R T SToU A 2y [ 5 45 2% bR HC7E 39 T
% TH fife 57 S 0 A 55K B 2 e e Y o
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Fig. 8 Heatmaps before and after inserting attention

mechanism
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Tab.6 Experimental results using different loss functions

Index Loss function mAP@O0. 5 mAP@O. 75

1 CloU 76.5 26.5
2 DIoU 74.4 25.5
3 GIoU 73.7 25.2
4 EloU 73.4 24.8
5 MPDIoU 74.2 26.4
6 WloUvl 74.4 25.3
7 WloUv2 75.3 26.7
8 WloUv3 74.8 24.6
9 SloU 76.9 25.3
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Tab.7 Ablation experiments of three improvement ap-

proaches
AFPN EMA SloU Paramete/ ITIAI) Variation
@0.5

0 0 0 36.49 73.6 —

1 0 0 28.7 75.5 +1.9
0 1 0 36.5 74.3 +0.7
0 0 1 36.49 73.8 +0.2
1 1 0 28.94 76.5 +2.9
0 1 1 36.51 75.1 +1.5
1 0 1 28.7 74.5 +0.9
1 1 1 28.94 76.9 +3.3

LOv5m, YOLOv7, YOLOv8m X} i #ilf 14 #5 & &~
ORI AR ) L HR X T RS 5 Y S A TR
K, T AR SCHE A B O SR T i 2 R
fiE 4 3 Rl A O 2, O [8) 0% 4 E J2 3E AT S S il
AL AT LR B T 2 0 B IGAE B BE 05 A A LA
WU S, X — A5 AR 57 YOLOVT M
AR T
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FFE9E A, 26 A AFP-YOLO #EAT #2833 4

Label YOLOV3

YOLOR-p6

YOLOvV5Sm

==
YOLOV7

YOLOv8m

AFP-YOLO

PO A ) 8 T 2 T B 00 K00 RS

Fig.9 Effectiveness of different algorithms on worm gear surface defect detection
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Tab.8 Test results of different algorithms on worm gear

surface defect dataset

. Image Parame- mAP@ mAP@
Algorithm .
Size ter/M 0.5 0.75
YOLOv3  640X640 61.51 69.9 18.1

YOLOR-p6 640X 640 36.82 45.9 9.5

YOLOvom 640X 640 20.8 73.3 —
YOLOv7  640X640 36.49 73.6 23.1
YOLOv8m 640X 640 25.84 72.2 35.5

AFP-YOLO 640X640 28.94 76.9 25.3

TF L 3X 30 A4 5 KT v A B i 497 B B 316 4 LB AL
BRLFE 137 4 W BEE 1354 e i 2294, 4t
S T Bl BEg 10 K M A A e A R Ol T 2 9 T,
AFP-YOLO 25 A K I AERR R R 99. 25 %, T K
RN 2.2% . Hp 28U R R K R
P g T A B BE B R s — g 5 TR
g, S AR T S AT OGN BT (R I Al 3
T A 7 e G 00 9 5 5 R s A R B4 B A 7B
SR, AFP-YOLO B A 0 250 5 35 2 5K B g

&9 AFP-YOLO 7£ 30 4~ A #F o 19 3 B i€ il 0 R
Tab.9 Actual detection performance of AFP-YOLO

among 30 worms

Defect Defe?t Detegt False Miss
quantity quantity detect  detect
i 316 312 1 5
Sc 137 131 2 8
Fe 135 133 1 3
Sd 229 229 2 2
Total 817 805 6 18
SE Wk
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