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Algorithm for detecting outer ring defects of bearings using a dual
bottleneck structure fusion

Wu Fei Fan Pengzhu Ma Yifan
(College of Mechanical and Electrical Engineering, Wuhan University of Technology, Wuhan 430070, China)

Abstract: A lightweight and efficient bearing defect detection algorithm DWA-YOLO is proposed to address the
challenges of large scale variation, similar texture, and dense distribution of defects in the surface defect detection of
bearing outer rings, as well as the complexity of existing detection model structures, poor computational complexity,
and detection accuracy. Firstly, a plug and play lightweight dual bottleneck structure module DBM was designed to
effectively reduce model complexity and enhance the model’s ability to extract features at different scales. Secondly,
the wavelet convolution WTConv with multi-scale characteristics is introduced as a downsampling operator in the
network backbone. By expanding the receptive field of the model and utilizing the multi-scale analysis characteristics to
capture the details and texture information of the image, the model’s anti-interference ability against texture and noise
and its ability to understand contextual information are enhanced, thereby improving the overall detection accuracy. In
addition, this article designs a joint loss function Alpha-MPDIOU, which utilizes power transformation mechanism to
improve the localization accuracy of bounding boxes and solve the problem of detecting multiple boxes. Finally, the use
of auxiliary detection head training strategy accelerates the convergence speed of the model and enhances its detection
capability. The experimental results show that DWA-YOLO improves mAP accuracy by 3.5% compared to the
baseline model, with a model parameter size of 2. 6 M and a computational complexity of 7. 4 GFLOPs. The improved
model not only enhances the ability to identify bearing defects, but also reduces network complexity, making it more
suitable for the detection needs of bearing outer ring surface defects in industrial sites.
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Table 2 Comparison of DBM modules in different modes
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YOLOv8n 86. 2 87.1 88.3 83.1 3.0 8.1
YOLOv8n-DO 88. 8 89.9 89.0 87. 4 3.3 9.4
YOLOv8n-D1 87.8 89.7 88. 6 85.2 2.7 7.7
YOLOv8n-D2 86. 3 88.1 88.0 83.3 2.3 6.8

J—J5 M. YOLOvS8-DO 18 1 51 A XU £ 28 #4 K i 4
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LA R 6. 6% 19 S BRI

LR, H R PR A LR AR AU R AT
YOLOv8-D1 J5 SR ANAL IR B A, 1 7 B AL 4R & TR
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3.3 AEAMNENKZEITLEELE

AN AR T AE BORUR [R) FB 2 51 A WTConv X 45 7
JERAZ BFR/INITE R . AR S50 43 S0 e B Ak I 4% 1 B AR 4y
BT 45 DL B ST N £ 19 T SR A 2 BB Ml A7 5 4, X g
BB AR YR T 44 7 YOLOvS-A, YOLOvS-B, YOLOvS-N,
SR LE RN 3 PR, RN, S T T W R R R Az B X
ARSI ARG IRG B (9 B i, AR 45K R ) RepLK Net™'™ (1 8% 32

ARG T 0 A RS [ AE 700 f Je 32 BT 41 W A Ak T 4%, T 4
g RmE 7 i, BEAMEEAERZ G ST
WTConv I/ S 8, BRI S B0 L F 3L R BT AL PR I T
2096 (H 3 BE B9 e AL B3R T R 45 1 45 48 R AE Al BB
J1 M e F BB T E8 4 F SR 4y 51 A WTConv, mAP
ST ABEAR T 0. 8% F1 0. 6 %0 BRI RALBE S RITE 22, J&
Z WAL A DR T ik — 25 5L S M A
WTConv Y832 WY BH i A F 3 Ak A% 760 Fn 4% A4~ ) 4% #R 5] A
WTConv B2 BF . Hvk , 38 i % b 7E S8 S 384551
A WTConv SE56 458, 7 # B AR Y K32 17 KU/, (B2
WTConv /DS HF A THEANFFMEMES L FXFER
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Table 3 Comparative experiments of receptive fields at different locations

AP@0.5/%

i A mAP@0. 5/ % Params/M GFLOPS
- ! Grooves Abrasions Scratches

Baseline 86. 2 87.1 88.3 83.1 3.0 8.1
YOLOv8-A 87.2 89.5 87.5 84.7 2.4 7.1
YOLOv8-B 88.0 89. 6 90. 1 84. 4 2.6 7.4
YOLOv8-N 87.8 89. 4 88.0 86.0 2.8 7.9

1.0 1.0 1.0 1.0

0.8 0.8 0.8 0.8

0.6 s 0.6 o 0.6 0.6

Gl e g
04 o 04 e 04 04
0.2 02 02 02
(a) Baseline (b) YOLOv8n-B (c) YOLOv8n-N (d) YOLOv8n-A

K7 A RUEEZ R

Fig. 7 Comparison of effective receptive fields
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N 4 fros. 78 6 AN FRSTE A, o AR B 2k s BRI —
i, A UGS E e — 3. SR SR, MR T
AR, fff fl SIoU. DIoU., MPDIoU fil Alpha-MPDIoU
J5 s mAP M BIRTE T 0.2%.0.3%.0. 9% A K 1. 7% . i fili
JH EloU WIBEAL T 1.4%. 2 Hr£ 8, MPDIoU fEff B 2
T R R T SR A A I e R o, X A 5 B S HE R
CERG T N A e VA = I N {1 B B B (B B

R MR 3 25 5k 57 s, JEC TR 3R B R L TR AR TR 43 ) 4R e T
2.1% M 0.3% . BLAk.3@id 1w MPDIoU 5| A %28 #eHL i,
SRR ) RGBSR B 87. 9%, X 6 LS mAP@
50 Mk BNl 8 Brom , MR 40 Ml 4k 45 R 43 , Bl ik I ) i 2k
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Table 4 Comparative experiments of loss functions

AP@0.5/%

EE NSRS Precision/ % Recall/ % mAP@0.5/% -
Grooves Abrasions Scratches
Baseline 92.2 78.2 86. 2 87.1 88.3 83.1
SloUM® 92.1 79.0 86. 4 87.2 87.8 84. 1
DIoU™” 91.0 80. 6 86.5 87.9 88.0 83.6
EloU™! 91.0 77.6 84. 8 86. 9 86. 6 80. 9
MPDIoU 91.6 80. 6 87.1 89. 1 88.6 83.6
Alpha-MPDIoU 90. 6 82.9 87.9 89.0 89. 4 85.3
I o 7 DBM , WTConv [ Bk 45 #4 140 B S WU 37 25 #4) 52
V"M'ﬂ S, .
08 //””ﬂ IR 37 BT A R0 Ak 52 06 Fee A 25
Y &5 R AT AT A L A AR SCER HE A DBM R BT 3 F ™
506 £ Z& 1) C2f BB, BRGS0 SR AR TR0 1Y) 5 i R BBURE 7 ik 2 A
E TS H AR, mAP B 1. 6%, B HCR AT 0. 3 M, 355
£ 04 HEAR 0. 4 GFLOPS, i i {1 WTConv 24 K5 %1 1y
= — Alpha-MPDIoU(mAPS0) TR SZ BT Al AR R AR A5 B O A 4R IE A BE T RN B R S A
02 DSUhARS0) e 7 A7 RGN K B e bR R 22 B B e B AR
f/}gggmm‘)) Ak, % Alpha-MPDIoU i 45 bR % AE 1] 55 11 0 5 H 52 A
oU(mAP50)
o __ SloU(mAPS50) , AH AL DN A B X 21 A [ 051 52 ), A i B ABE R0 4 o
0 30 A EF}(fCOh 200 250 300 P RMEE AL BE S . B A a8 A A B AR Sk I 4 oR e
. AL LR AR B I 2 B9 R AR A B S R (R AL i s A 1R
B8k BB m AP K H 2 e e
. . . . SR w2 B R B IR BE . SR MERIRLAA L, YOLO-
Fig. 8 Comparison curve of the loss function mAP

DWA ) mAP$#£F T 3.5% . S8 7 13. 3%, &

5 HEEXK
Table 5 Ablation experiments
DBM  WTConv Aux-Head Alpha-MPDIoU P/ % R/% mAP@0.5/%  Params/M FPS GFLOPS

92.5 78.1 86. 2 3.0 153 8.1
N 89.8 83.5 87.8 2.7 135 7.7
N/ 90. 6 83.1 88.0 2.6 140 7.4
N 93.1 78. 8 86. 8 3.0 145 8.1
N, 90. 6 82.9 87.9 3.0 150 8.1
Vv N, 92.2 82. 4 88. 4 2.6 135 7.4
N N 90. 8 83.5 88.1 2.7 139 7.7
N J N/ J 92.8 83.7 89.7 2.6 130 7.4

BT 8. 6%, LIRS0 2 A B AR SCAE B AR AR AL S 8
b B R T T WS 3 — 2B UE SO R i st .
3.6 EREEILILELR

Ay B8 UE AR SC B H SR A O AR B IR T A
T KR BB B H AR A TN 5T 1 5 DWA-YOLO 57 3% 147 %
b S2 8, 0. SSD™Y . YOLOv3™, YOLOv5, YOLOv7,
YOLOv10™ [ RT-DETR"™" A K fli & 4535 B w7 55 1 ol it
YOLO % ¥, f: GRP-YOLOv5. MFA-YOLOvVS,
YOLO-SSW,
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IR AE IR ANGR 6 TR, A8 SCHR R 09 Bk AR T IR
BN S Bt T H AR DL e T e B O T SO0 T 4R L Y A
BEH bR K A % SSD., 5 YOLOv3-tiny. YOLOv5n,
YOLOv7-tiny, YOLOv10n &% RT-DETR %38 H H 5 A6 Il
BIEAH L ARSI AR AT T A SCHE R
B mAP 54T T 9.4%.7.3%.5. 6% 4. 0% Fl 3. 7%,
A ) SR 6 T R ] ARG T e o SR B A A e TR R A
HURS R IRHETE 6 90, 73 80008 T 3k — 2% S 4G W0 RS 1K 7
MERS, 255 S, ) A, Sl 1 I ) A A0 bR RO L S g v
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A EE T RE AR RS B B T 2. 296 76 BUM 345 i 52 560 vh oG
JERR T 2. 100 % IE W RIJR R B R T EH IR T
Alpha-MPDIoU #Lii i ke T F 0 HE 15 52 By 1 ¢ HE LE 4] —
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Table 6 Comparative experiments of different algorithms

gl mAP@0.5/% AP@O'?/% FPS Params/M  GFLOPS
Grooves Abrasions Scratches

SSDH! 77.5 78.9 79.5 74. 1 67 26. 3 62.7
YOLOv3-tiny'*” 80. 3 82.2 79. 6 79.1 97 12.2 19. 4
YOLOv5n 83. 4 84.5 84.3 81.4 141 2.5 7.1
YOLOv7-tiny 84.1 86.7 84.1 84.5 135 6.1 13.2
YOLOv8n 86. 2 87.1 88.3 83.1 153 3.0 8.1
YOLOv10n™ 85.7 87.3 87.1 82.7 165 2.2 6.5

RT-DETR™" 87.0 86.9 89. 1 85.0 67 32.1 110. 1
YOLO-SSW™! 87.6 88.3 88.7 85. 8 110 2.8 11.8
GRP-YOLOv5™ 87.1 88.5 87.9 84.9 91 7.3 16. 2
MFA-YOLO™ 86.7 89. 3 89.0 81.8 81 2.8 8.0
Ours 89. 7 90. 1 89.9 89. 1 126 2.6 7.4

AR T 24 i 58 32 7R R 45 7L YOLO-SSW ., GRP-
YOLOv5 .MFA-YOLOvS, A& U5 3 A UAE mAP I 43 3]
FE2.1%.2. 6%/ 3. 0% . IR HE R B & 2. 6 M Al
A A 7. 4GFLOPs, YOLO-SSW 1 GRP-YOLOVS i
BB S5 R Al A S 4R T TR MR R Y
R U0 A Ak 28 - A 174 TUCL A Sl 564 R 0 A 1L 194 Rl
JRBRFEI 2RI Z 1, MFA-YOLO BARFRAL T A58 i 250
M AR B H EFMC F1 FM A5 B 32 B4R X V148 25 /)
s K 0 ) 51, L o A 355 0 X 22 R BE 3 A TN R 2 SO
E B R B b L S BB LR S AT RE AN 2

AT 11 415 bb 5288 30 iE, r $2 DWA-YOLO 5k B
BT AR AP RE . AR SO R AT il R Bl R 1 2 RO AR AR
BB Oy A e ME A 2 Y SO AE R AT T Ak R A S T

SHE A RN B EA, XORURIE T 5800 R
WM B, 38 F O 35K S 800 P 3RUA TR T, K 42
X 45 T 245 TR0 e o 0 A 0 A R A HG T T S B M
FH A B 2 R A

AR SR AT A T B X A I 25 SR AT AT B R
LML J 7 A 5 B E A S B i R M B4R . &l 9
FF 7% 5 YOLOv3-tiny #1H . YOLOv5n, YOLOvS8n ¥ fig
i A T 3] ER A3 B B H AR . SR L 33X B ARk A Ak B IR 4
H AR /N E bR B 23 ) B A B0 42 L O 78 R0 R B I A ) e 2 1y
LR B, 47T YOLO-SSW #l MFA-YOLO, 4 3¢

5 R A7 2880 DI % B 0 A1 R B 1) e A ) AL R X T
S IR b SR A 24 HLREE AR AR R A I H A o A SORE LR
B fo e 9 A6 D0 45

(a) ALHRiE
(a) Manual labeling

(b) YOLOV3-tiny (¢) YOLOv5n

(d) YOLOv8n

() YOLO-SSW (f) MFA-YOLO (g) Ours
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Fig. 9 Comparison of detection effects
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R T HE—25 4 BT A S AT AR 7 R SRl 5 R
BE. AR X R T Grad-CAM # J7 /7 @4k 7 B0, 1
B 10 fi . 5EA B EM . DWA-YOLO 78 KR A6 I J5
T8 & AT 500 L A A RE A% 5 5% 8 b U S R T L

A L e i v 2 DX S o R A A 10 DG TG B R
YRR 2 B A MRS 288G, DWA-YOLO JE 3L
TERRA A EE S R O B T E 2 NG . B
A A Ak B PES F5 2J d5f B B R T R I AL B S 1 SR AR R
7 B T MR R T O TR I B A RS T
U DT 3 B T iR A 1 0 1 & E . X s SR AL RIE B T
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(a) FRIEEIMER

(a) Annotate images
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Fig. 10  Figure 10 Visualization of Heat Map
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FEUE DWA-YOLO Mz fLR8 J1 . A H R FHA T
B B A B 4 NEU-DET™ 5 4t 52 K 2% PCB §k 4 53
FEWATHAF, NEU-DET £ 8202 i R AL K2 A R £ 1
BB LA 1 800 TR L 35 6 2 LA A B 45
Rar Jedt BrH KR CEALF S, db s K2 PCB B
AL 693 TR EMR WA TE 6 ZEEIE oAl | BRUme  TT R I
ERAARA . R BRI 8 1= 1A LA R 43 Ry Y1 5
A ISR AN A o AT (0 Y i S8 2E G B bR R 0 AR
YOLOv8n, YOLOv10n & %ili 7 & & M 5 ¥ YOLO-
SSW.MAF-YOLO 54 U817 X b, 45 R an sk 7 i 8
Fim.

&7 NEU-DET RFEHEEHLLER
Comparison results of NEU-DET defect dataset
AP@0.5/%
A KR REr kg
8§7.3 89.3 54.1 82.1
87.1 88.6 81.9
87.0 93.3 7. 81.1
0
6

Table 7

g} mAP

Ak
58.8
57.9
59.3
58.0
59.1

P
93.4
93.2
92.2
92.0
94. 6

YOLOVS8
k[ 23]
SCHkL9]
SCHRE8]

Ours

77.5
77.3
78. 4
77.9
80. 6

86.3 92. 81.2
91.7 95. 83.2

l
~
= o Ul =

. 62 .
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Table 8 Comparison results of PCB defect datasets
AP@0.5/%

89.0 87 93.4
87.8 86.5 94.1
87.3 85.0 93.7
90.0 87.2 94.4
95.6 90.4 96.4

R mAP

AL
97.3
96.5
97.0
98.2
99.3

EH
84.3
83.6
84. 1
85.3
86. 3

R
89. 0
89. 7
90. 5
89. 7
91.8

YOLOVS8
k[ 23]
SCHkL9]
SCHRES]

Ours

90.0
89.7
89.6
90. 8
93.3

1t NEU-DET %8 4 I, DWA-YOLO 89K B ik 5
80.6%,5 YOLOv8n,YOLOv10n, YOLO-SSW 5 MAF-
YOLO # k., mAP $£F+ 3.1%.3.3%.2. 2% 5 2. 7% . 4%
SR X A L R L R BAE N AR R 2 R BBE 2800
DWA-YOLO ) 5~ 28 Gl 4G 0 A & AH L T 3 2 458 50 4 331
PFT 4.4%.6.3% F1 5. 3% . 7E PCB BLEEEIE % L, A
SCHE TR B 1k F] 93. 3%, #H L T YOLOv8n, YOLOv10n,
YOLO-SSW 5 MAF-YOLO, mAP #& Jt 3.3%.3.6%.
3.7% %5 2.5%, Hr, 54O A LA SlAL L B .
FE I 2N H bR 22 RO Bl 6 28 ) A B4 8 S0 4G DR
O AR TE 296 .6. 66 3. 4% 3% . AR 4 P B a4 1
525, YOLO-SSW FI MAF-YOLO 932 kg 1 Z A
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