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Research on industrial bearing defect detection algorithm
based on deep learning

Zhang Biao"* , Xun Rongke'? Xu Jiazhong'*

(1. School of Automation, Harbin University of Science and Technology, Harbin 150080, China; 2. Key Laboratory of
Complex Intelligent Systems and Integration, Heilongjiang Province, Harbin 150080, China)

Abstract ; Aiming at the existing bearing defect detection algorithms with low accuracy, misdetection as well as serious leakage, a bearing
defect detection algorithm based on YOLOv8n ( LASW-YOLOv8) is proposed to solve these problems. Based on YOLOv8n, the
algorithm introduces a lightweight and efficient LiteShiftHead detection head, which is combined with SPConv, REG and CLS modules to
improve the efficiency and accuracy of feature extraction, target frame regression and category classification. In addition, the algorithm
also introduces the Adaptive Rotation Convolutional Kernel module ( ARConv), which enhances the detection of multi-directional
defects; the Neck Network Optimisation module ( SAF) , which further improves the efficiency of feature extraction; and the Inner-WIoU
loss function, which is used to optimise the bounding box localisation accuracy and to enhance the detection of small targets and complex
shape defects. Experimental results show that the LASW-YOLOvS algorithm outperforms other mainstream algorithms in several
performance indicators. The algorithm achieves an accuracy of 97.2% and a recall of 96. 6% , representing improvements of 3. 4% and
4.5% , respectively, compared to the original YOLOv8n. Meanwhile, mAPO.5 and mAPO.5:0.95 achieved 98.9% and 73.3%,
respectively, and ran at 83 fps. These results fully demonstrate the effectiveness of the proposed algorithm, which not only effectively
reduces the phenomenon of false detection and missed detection, but also meets the requirements of high accuracy and real-time
performance in industrial inspection. In addition, in the experiments on the Northeastern University public dataset ( NEU-DET), the

LASW-YOLOVS8 algorithm outperforms other mainstream algorithms in the four key metrics of accuracy, recall, mAPO. 5, and mAPO. 5.
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0.95, which are 79.3%, 79.9% , 84.1% , and 49. 1% , respectively. This performance proves that the LASW-YOLOv8 algorithm has

excellent generalisation ability and robustness.

Keywords : bearing defect detection; LASW-YOLOv8; LiteShiftHead; ARConv; Inner-WloU loss function
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Fig. 1 YOLOv8n network architecture diagram

2 FriRHMHE X

2.1 LASW-YOLOv8 &3k
B T BT b R ke o ) 3 A ) G A AN
JE AR DL M A G ™ R ) IR R 4R T — b T
2t YOLOv8n )l 7 it o3 A5 0 58 35 ( LASW-YOLOVS ) |
HestgnE 2 s, xR 5 AR B &SR
LiteShiftHead Kl Sk | [ 38 e 5 FUAZ AR ( ARConvy) |
FER 28 AAA B (SAF) UK Inner-WloU $i 25 pREL, A
AARE T T B R il 7 St o 1 A A B I R e T iR
ORIy 8
2.2 LiteShiftHead ¥k
T B R T — ORI 0 R A sk
LiteShiftHead , & ffi & T SPConv REG #1 CLS #ib LL$%
T RFIERE I, H FRHE [0 9 R 28 5] o3 2 R R 1, an



541

KR A BT IR A 2T I Tl bR e A I 5 2 B 5 139

80803

L SimConv
Neck Head

2 LASW-YOLOvS [ %% 4244
Fig.2 LASW-YOLOvS8 network architecture diagram
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Fig.3 LiteShiftHead detection head
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Fig.7 The rotation process of 3X3 convolution kernels
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Fig.8 ConvWrapper module
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Fig. 9 SimConv module
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Fig. 10 RepHDW module
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inter = (min(b* ,b.) — max(b{",b,)) X

(min(d%,b,) — max(b*,b,)) (13)
union = (w* X h*) X (ratio)® + (w X h) X
(ratio)?® — inter (14)
Loy = T (15)
union
L. . =1=IU™" (16)



142 %A X

x E AR Faetk

Ao b2 F b, 43 53R HARE A 30 SR TN AE A7 10 5 Y
ABTR ;b5 R b, o HBRHEZE 1 S AT AE 19 7 3 5 0 A
B s b, b 43591 2 75 FHOIAE 19 RS 5 320 0 H AR AE e 34
AR 5 b, T b5 43350 s FMAE 1) 0 2 S F0 H ARAE
TR0 5 B AR A 5 B AE A 538 8 R 15 B 0 2R R o,
h,, , TTSAHE R FE LA B w A A RIR, “ratio” X1 T
e R 38 H AR EYE [ 0.5,1. 5] N,

KL, Inner-WloU 2545 T W & IO OL AL, a0l 11 s,
XSS EIRTE T SR R IOR B & i, R — 25k
T/NEERREM A RE, Inner-WIoU B35 20un=0(17)
F7R

_ _q g inner
Liper-wiov = Lypois + 10U = IoU (17)
! ome b RS .. . i
| ! ! 1
[ 1 [, 1
H ':\ 3 /:/ i e e \:\ o) /I/ i
D U h S
i | 1 [P
S [ LA VLo
DA N
e | e I P | B e i
=) RS- ) BAFIE
» HiFHE WBHIFE
Wi
— e
A ERER
K11 Inner-WloU $i2k pRi %k

Fig. 11 Inner-WIOU loss function
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Fig. 12 Bearing surface defect detection system
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Table 1 Distribution of bearing defect instances in the
training set, validation set, and test set
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Table 2 Comparison of detection performance for bearing defect categories (%)

Bk el P R mAP0. 5 mAPO. 5:0. 95
BIFH] 93.6 92.2 96.3 59.0
YOLOv8n B 96.2 95.4 98.9 69.3
KR 91.7 88.6 93.9 62.5

[Tk 97.0(+3.4) 95.8(+3.6) 98.8(+2.5) 66.9(+7.9)

AR 0] 98.7(+2.5) 97.6(+2.2) 99.4(+0.5) 77.6(+8.3)

KR 95.8(+4.1) 96.1(+7.5) 97.9(+4.0) 74.8(+12.3)
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Fig. 15 Comparison of LASW-YOLOv8 and YOLOv8n
detection results
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P AT RE ARG DN 25 R 2 — 20 Bk T AR A R fi o A
{E55 TPk
3.5 iHELSCIG

3 MRS IRES R R T X YOLOV8n Bkt f A
IR AR FOPEREAR TSI, S8 rh, V7 #5 5 FR 1%
BB A B 51k v, X SEA AT 4 LiteShiftHead (L) |

] 33 7 s AR AR ( ARConv, A ) FIE5 3 19 4% £ AL A
HL(SAF,S) . SZE L) YOLOv8n R B4R vk | %8 w3
TR REFE A5 M« MERA 2 93.8% , 4 1115 92. 1% , mAPO. 5
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Table 3 Results of ablation experiment (% )

Bk L A S P R mAPO.5 mAPO.5:0.95
YOLOv8n 93.8 92.1 96.1 65.1
YOLOv8n+L  V 93.8 95.6 97.3 66.7
YOLOv8n+A vV 94.8 94.7 97.5 68.5
YOLOv8n+S V 958 956 97.8 69. 1
YOLOv8n+L+A V V 95.5 95.7 97.9 69.5
YOLOv8n+L+S  V/ V 954 956 98.2 70.5
YOLOv8n+A+S vV VvV 9.3 95.7 98.4 71.3

AL vV oV VvV 972 9.6 98.9 73.3

BB TN, A 1 MERR R DL mAP
YA B2, 51 LiteShiftHead FHf 7 [0 R 2T} T
3.5% , 1 ARConv FI SAF FEH A Jim AU S5 551 el 4 4 58 42
FHT 1.0% F12.0% , X BH | BB H AR X 5 vk
FRIPE BB BT T

MR G R B MR T O R R Y
LiteShiftHead 5 ( ARConv #il SAF) #5325 & 1 mAPO. 5 :
0.95 73T+ T 4.4% F1 5.4% . T ARConv 55 SAF #%
Hefg 254 M il R4 TE T 2. 5% , B BIRIETF T 3. 6%
mAPO. 5 $2F+ T 2. 3% ,mAPO0. 5:0.95 #2717 6. 2% .

A KA KB LiteShiftHead . ARConv I SAF %
BAE— R Bk S T SRR R T TR R T T
3.4% , 43 M R TF T 4.5%, mAPO.5 R T T 2.8%,
mAPO. 5:0.95 $2£F+ T 8.2% , IXELLEFAEAE T 44
BRI 200 | 30 A il B S D A 55 b S B T S A PR B 1Y
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Fig. 16  Curve of ablation experiment results
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Table 4 Comparison of performance results of different algorithms

Bk ZHE/M P/% R/% mAPO. 5/% mAPO. 5:0.95/% GFLOPs/G FPS/P
YOLOv5s 7.03 96. 0 95.5 93. 1 64.7 16.0 91
YOLOV7-tiny 6.02 9.6 91. 4 95.9 59.6 13.2 87
YOLOv8n 3.02 93.8 9.1 96. 1 65. 1 8.2 93
YOLOVOt 2. 66 9.3 90.2 95.2 60.5 11.0 73
YOLOv10n 2.71 95.2 94. 4 97.7 68.2 6.7 96
YOLOv11n 2.61 95.9 95.4 97.9 71.0 6.3 99
ke 3.82 97.2 96. 6 98.9 73.3 12.4 83

YOLOvI1n(95.9% ) 435l &t 2. 9% .2.0% 1 1.3% , 5
YOLOv5s(96. 0% ) Fl YOLOv7-tiny (94. 6% ) AH Lt , LASW-
YOLOv8 1Y i i &l o8 B A #, [6] i, 47 o] %
96. 6% ,FH It T YOLOV8n (92. 1% ) #& & T 4.5% , ik [t
YOLOV9t ( 90.2% ) . YOLOv1On ( 94.4% ) Fl YOLOvlln
(95.4%) 3 MR T T 6.4% . 2.2% HI 1.2% , [a] i A1 1L
YOLOv5s(95. 5% ) Fll YOLOv7-tiny (91. 4% ) W45 Fr 42 7,
X E ] LASW-YOLOv8 7E I 2 B S0 IEREAS Jr 1 H A
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7E mAPO. 5 Fl mAPO. 5 : 0.95 3% i 4> k48 5 I,
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YOLOv5s ( 98.1%) H1 YOLOv7-tiny ( 95.9% ), fE
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F YOLOv5s(64. 7% ) #l YOLOv7-tiny (68. 0% ) .YOLOv8n
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mAP 5SRO0 T AL B0 B ARG I B, AR
Ty b 0 i R 2 1T 114 22 P R T) U A A
TR . LASW-YOLOVS 3 JH T %oF 5 45 B il e vl &g
PEELR AL 1 Tl N 37 5, BRAE A 800 J2 92 B Tl A
MK

N S AR ol [ A6 00 %t e P R L Y ik 5
TRAE I B AR 3 A h B AR A
255 1, LASW-YOLOv8 ) mAPO.5 ik 2| T 98.8%,
mAPO. 5:0.95 5% T 66. 9% , T Hofth 3 H brAs: I 55
o TEHEZEHH , LASW-YOLOvVS Y mAPO.5:0.95 5
JEEIR 77. 6% U AN, A RIE S, LASW-
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Table 5 Comparison of bearing defect category detection

performance of different algorithms (%)

B Bk P R mAP0.5 mAPO.5:0.95
YOLOv5s 96.0 95.8  98.3 59.6
YOLOv7-tiny ~ 93.2 92.9  95.7 53.0
YOLOv8n 93.6 92.2  96.3 59.0
[ YOLOvOt 93.2 91.0  95.2 54.2
YOLOvIOn 953 95.3  98.1 64.2
YOLOvlIn  96.2 95.0  97.5 64. 8
LASW-YOLOv8 97.0 95.8  98.8 66.9
YOLOvSs 98.1 97.6  99.3 69. 4
YOLOv7-tiny  96.8 94.1  97.8 65.5
YOLOv8n 96.2 95.4  98.9 69.3
el YOLOvOt 97.4 93.0  97.8 66.7
YOLOvIOn  96.7 96.1  99.0 71.9
YOLOvlin  98.1 97.7  99.3 74.0
LASW-YOLOv8 98.7 97.6  99.4 77.6
YOLOvSs 93.9 93.0  96.8 65.0
YOLOv7-tiny ~ 93.7 87.0  94.1 60.2
YOLOv8n 91.7 88.6  93.9 62.5
KK YOLOVOt 92.1 8.7  93.9 60. 6
YOLOvIOn  93.7 91.9  96.2 68. 6
YOLOvlln  93.1 93.4  96.6 70.5
LASW-YOLOv8 95.8 96.1  97.9 74.8
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Fig. 17 Precision, recall, and mAP curves of

different algorithms
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Table 6 Performance comparison of different algorithms

on NEU-DET dataset (%)

RS P R mAP0.5  mAPO.5:0.95
YOLOvSs 66. 6 77.0 82.2 43.1
YOLOv7-tiny  56.7 75.7 72.0 33.4
YOLOv8n 73.2 76.5 81.2 46.2
YOLOvOt 67.1 74. 4 80.2 47.9
YOLOv10n 71.2 72.8 71.6 44.5
YOLOv11n 73.8 79.5 82.6 47.9
E'S 79.3 79.9 84.1 49.1

7 W25 AR TR R B IA AN b 2 1o i 2 )
K b (P RE  LASW-YOLOVS By fE 204y BEde b o 45
6 ™Gl o3 2 ) A ARG RS B A 3 IR A 3k R {SIE B
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Table 7 Comparison of detection performance of steel

surface defect categories by different algorithms

27 Hgr AT B gl Bik AR

YOLOvSs 76.9 54.6 83.9 80.9 54.4 49.0
YOLOv7-tiny 74.9 44.0 66. 5 86.6 42.9 45.7
YOLOv8n 70. 4 51.2 70.3 88.7 67.6 70.1
YOLOvOt 87.3 58.3 68.5 77.9 52.5 57.2
YOLOvlOn  65.2 65.4 87.6 84.3 76.8 78. 4
YOLOvlln  78.4 58.9 67.9 92.4 67.6 89.7

AR 96.7 54.5 89.4 97.2 74.5 86.3
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