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Online detection method for full surface defects of bearings
based on machine vision

Cai Bingbin' Huang Danping' Zhang Haotian' Liao Shipeng”
(1. School of Mechanical Engineering, Sichuan University of Science & Engneering, Yibin 644000, China;2. Chendu Institute of
Computer Application, Chinese Academy of Sciences,Chengdu 610041, China)

Abstract: To address the current challenges of difficult image acquisition and slow detection for bearing defects, a
single-station online detection system for full surface defects of bearings based on machine vision has been developed.
The system utilizes a line-scan camera in conjunction with an optical system to efficiently capture images of the entire
surface of the bearings. The defect detection network model constructed is based on ConvNeXt as the feature extraction
backbone, employing feature fusion to supplement feature information, it then undergoes lightweight modifications.
Additionally, a multi-task learning training approach is adopted, enabling the model to effectively process feature
information at various levels, thereby significantly enhancing its performance in bearing surface defect detection tasks.
Experimental results show that compared to ConvNeXt-Tiny, the proposed deep learning model achieves a 4.14%
improvement in detection accuracy, reaching 99.02%. When relying on CPU for computation, the average detection
time per bearing by the single-station full surface defect online detection system is 0. 735 seconds. This system is
characterized by its compact size, low cost, and ability to meet the requirements for online detection of bearing surface
defects, showcasing promising application prospects.
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Fig.1 Bearing outer surface defect detection system diagram
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Fig. 2 Line scan acquisition schematic

RSO — A L P A S AR — A T 1 LU g
O BRIV RT A b AR e 3 A A5 UL A A% B P A X R
B 45" =R BT HOG S MR R AN 1A 3 A L R Sk
1 £ 0 ' 1) AL 4% D7 16

W 2 M 0 A SR TR — M BT b T T R s TRT B 't
28 A5 =R BE R JT  RIVAT R 2 M0 A5 s o Bl R AT T
4 1 AT B e AR B 2 L AR R v . R ik R B B

+ 101 -



%518 % voF oM F # K
- 2 o B 2 RS i T 5 R R A il R A R T AL £ R
©:18) L2 HERRER
l ARG AR B P SR B P AT RO L A5 L B OR R A

BT (B I i GE )

MREWTE ARG IR

B3 s g R R B

Optical imaging principle schematic

Fig. 3

I 3 7 W AR g A B0

Input

MR G5 R O RS2 B 9 S e SR . b 1 T R R T Bk
BE R I 7 ik G 1B 4 B R L% A B 3E N R IR B OE
b B AN RN R 3% OBk B K I R 2% B ] BDDNet
(bearing defect detection network)., AT #2 I} ) % & 1k
BDDNet [ 4% 452 71 75 3 & T2l 7 28 A6 i) 38 52 1 [+ Bsf L AT
PRAIEAG TG B Ay Bl 7R A 2 THD e B 7E 2k A AT 55 42 1 —
T v 250 100 e e O R

BDDNet /o £ 45 7% Output

B4 R AR AR

Fig. 4

1) 3 7 e A8 9 1 5 7k

H TR AR R 2 52 3132 Bl 12 il B R 1) 7= Bl e i, 5 2K
SR AR LG Sk 25 A A8 2l . R 4R I L o A% I A 1R
R Al 7RO TR Al S T T A 1R 2 s B BE AL A . A
LR 2R R AL SE £ B EAT I8 52 . Xt AR SCHR A I R
Wi A5 J5 L B 0 X o SR 4 1 B AL g A8 ol K 10 47 09 O

JEELNE 5 Fis

=
|

"
|
(a) A (b) $BHROI 1| (o) HFIE (d) ity
(a) Input image (b) Extract ROI 1 1' (c) Correct (d) Output image
I
Pl
g — \
: — I
: =) = E‘ =) = !
' — i
e /s
©BAER (O KRAR (o) (R (h) Bk
(e) Distortion () Region () Affine (h) Image tiling
localization ~ segmentation transformation and stitching
L5 3 e 28 5 I 5 vk I B A I
Fig.5 Schematic illustrating the principle of adaptive

distortion correction algorithm

TR T S R AL G TG A 30 2 TR v i Bl
ROT XIS 42 B R SR 5 A 35 D7 1 A8 7 8 5 o 58 75 4% 3
ROT B35, o i 85 25 DX 80, 5 S 1o FH 22 B {5 56 72 J 52 0 I 72
BIBFIE . HBCH M (DR, ] B2 5K 6.

+ 102 -

Overall algorithm flowchart
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Fig. 7 Differences in various modification approaches

AP oy O HEREHRIGH 2.y BbRr .y TR
HIA G 2 .y AehR sk HEEU) R4, X (2)3RWT, R Rl
BV Z B R B0 AT S8 KBS VIR AL . TR D R B AT
PHTE N fAA G, B s s B R, R Rk
1438 B3

MW 3 R AR T AR A TR R i R T Al R Sh 3R
T P 5% B BE AL ML A1 3 3 B0 ey 722 [ R8T, 12 3 PR 1% JL AT
TG L o DTG S J 35 1 ity 7 3 T e I G 100 ) 2% 2 1% 2 Jo
WA .

2) BDDNet [ 45 £ 1

BEX TR AR OF WAL B S 00 bR 2 SR ER L T
BDDNet ( bearing defect detection network) R £% f& 7l
BDDNet L ConvNeXt iy F# Ak 5 U 45 . I 98 B A [ By Bt
PR HE B B LA A U B Ak B TR R AR AE Bl i
2T PR AR B n I 2R 4522 0 5 TR &
FA) T 2 I 2 Ty 2 3 DR R B A0 5 R AT Y 4 IRCRE o DA T A2
Ayl 3 T SR G R T ) A R L BB ORI 2K A n ] 8
i

Stage 1 Stage 2 Stage 3 Stage 4
= = - o
N N N N N N N R R ¥ i i
s> R s s B i R E Pl
= 8 = s® 03y s T |Bng s® 03g s ® A A = o
o o o o 1
x1 , x1 x3 x1 | L
FiERN 4 | loss4 ~
1 | | 3%
FAREE2 ---- | AMP Flatten FCl——— 8 loss3 °
T o,
. AMP Flatten » FC o - - --- loss2 _
FIERY =— i e
AMP » Flatten —>» FC —>» § —— > lossl °

A 8 BDDNet [ 4% 45 #4)
Fig. 8 BDDNet network structure

(1) FRAE 4R B 2 I LA FiE 45 U0 7

BDDNet # ConvNeXt fE N 4 fF #2 W M %,
ConvNeXt f& —F 4 & T 2 Fl W 4% £ 25 37 8 CNN J 4%
AR NI B SE FE 4L S Transformer B A 6 & H =
AP MERE R . TEASCEIRE T A M RE R AL 2
SR KB ConvNeXt 48 AE Sy R AT 42 B 2%

Sl NI (L B s S 1 T S
ConvNeXt K IR B R 5 8] Tolk BR . B RAF B ol Ak &
B A B 20t Z 2R AR BUS 0T R B LFIE R . W
B9 s . Rl AR A7 26 S /N BB 3 5t o T 22 K i 40
W RRAE 457 SR AR S5 SU(E B LURI . ConvNeXt-
Tiny Bk /DAY ConvNeXt #5#1, (H H 2 BAR SR R .
SRR AR X I K, 1A AR S R SUME BT O, AT R
Wi Tk R /N B I R0 [ st L 3k 00 g R 7 2R R U B

PR M L AR S 3 B A Blocke 9 3 2 B Sl sk > I 4 )2
B kB A r B Y, R B2 5 B Z k. L
UEWY 762 BRI R B[R] B A7 04 200 70 £ 2 o A A8
RURGIORG BE T R e /b A R AG I o B2 R £ 7. [l Oy
SR I 265 A0 TR FEE 5 3E — 20 )T 4401 5 S8 3 A SCH R AR E
Fil 5 ZAL 55 2 I IR O ik .

(2) 47 {5 B R R4

Z ROBE IR AIE Bl 19 77 % D A (6] 2 90 09 5 ik B3R 47 4%
B SR, DT £ 5 A 190 2% 9 SR AR RE 0. Rl O vk
8 i .

PO A stage Hi B REAE A SEEAT Rl G 2 = 8L
IR AR ) F K. O i DR R AL SR R A KT
fEF RBEXS A stage BIFFEMR B TSR EL, HiFE AKX

+ 103 -



948 & 2 F o

T # K

&l 9

Fig. 9 Visualized feature map
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GPU NVIDIA GeForce RTX 4070 Ti
RAM 32 G

Y AE 42 2.0.14cull8

2.2 BHEMNBEHERX

AR SCHRE Y O R W AR R OE SRk A S B P R B AR
TREYIZITHERE P ¥ AL SRS A 2 17. 46 ms, 5 fR 75 A 52 T
SV Y I B R A SBOHR R T SR AR LR B L AT TR RORS
WA 14 PR, et % 58 2 A0 BRG  77 16 W A5 (10 5l 7R 1% 45
F) k3 TR NG BE AR T, DT A 8 AR Y A AT G ) BT 4R v
29 0.4 % MR IIRS B
2.3 iEMiEER

SR Pl X 25 R AR B PR AR SR FH AR ME # (Precision) |
#r42 % (Recall) (Fl-score 3 AN TFA 5 br X A SCRETY #E 4T K
A . &5 R EA 2RI 45 5%, 806 A macro Z 153
SRR AR E, TR0 ~AD PR,

o TP, E Precision
Precision; = W,Pmm, IR — (10)
TP, ZRecall
Recall m R,,,m,(, - T (11)
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Fig. 14 Distortion correction example
Precision X Recall
Fl-score = 2 X — (12)
Precision 4 Recall
b1y Pan X R s

T Precision, FRn3E0 i BIRERIR . Recall, FnZEH i
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Table 3 Feature fusion experiment

HAFEh 45 Pmacro/% Rmacro/ % Flmacro
7 92.17 98. 59 95. 27
Concat 95.53 98. 46 96.97
Add 94. 09 97. 86 95. 94
Multi 92. 22 98. 47 95. 24
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Table 4 Multi-task learning experiment

SR A7 ik Pmacro/ % Rmacro/% Flmacro
1 Jo 95.53 98. 46 96. 97
2 1+2+3+4 97.58 97.96 97.77
3 1+2+(3, 4) 96. 85 98. 98 97.90
4 (1, 2)+3+4 97.70 98. 23 97. 96
5 (1, 2)+@3, O 98. 58 98. 48 98.53
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Fig. 16 Curves of different optimization methods
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Table S Ablation experiment
Xt L WiAE  FRE 2RSS
TH BDDNet_O _ . Pmacro/% Rmacro/% Flmacro Z4(E/M IFHEBRE/G
A BIE AG 22
1 N, 94. 88 97. 86 96. 35 27.95 4. 455
2 N J 95. 26 98. 05 96. 63 27.95 4.455
3 J 92.17 98.59 95. 27 11. 66 1. 610
4 N N 95.53 98. 46 96. 97 18. 67 1. 618
5 NG N/ J 98. 58 98. 48 98.53 18. 67 1. 618
6 N N / / 99. 02 98. 11 98. 56 18. 67 1.618

2.7 HWEILELR

9 B8 3 AR SC R B9 BDDNet #8584 &% Pk LI K 56 iE
ConvNeXt M 45 8 I (14 1% B8, A SR Bl 7R £ 4l 46 2% A
ConvNeXt-Tiny. Vision Transformer 55 Swin Transformer

B 6 AR A PERE L 25 R AR 6 IR .
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Table 6 Model comparison experiments

gl Pmacro/%  Rmacro/%  Flmacro
BDDNet 99. 02 98. 11 98. 56
ConvNeXt-Tiny 94. 88 97. 86 96. 35
Vision Transforme 95. 36 96. 20 95.78
Swin Transformer 94. 49 97.35 95.90
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Table 7 Inference time comparison experiment
N WE¥D LR
FETFB e g A6 T 2R 4
S B CPU  GPU CPU GPU
ConNeXt-Tiny 47.58  3.237 154. 81 —
BDDNet 22.82  1.840 72.67 —
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