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Light spot detection of diamond wire based on deep learning
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Abstract: Break detection is an important part of the diamond wire production process. To address the
problems of low sensitivity and lag feedback of existing contact detection, a non-contact wire break detec-
tion method is proposed based on machine vision detection of light spots reflected by diamond lines under
strong light. Here, the study addresses the limitations of complex spot detection operation and ease of in-
fluence from external illumination of traditional image processing by investigating spot target detection on
the embedded platform of diamond line spot detection using deep learning. A variety of Yolo-type models
were trained and deployed. The problem of poor real-time detection in embedded devices due to the deep
network level and large model volume of the original model was also addressed through a lightweight tar-
get spot detection model MCA-Yolox based on Yolox. The MobileNetV3 lightweight feature extraction
network was used to replace the backbone feature extraction network of the Yolox model, and the model
was lightweighted. Then, the enhanced feature extraction network was lightweight using the deep separa-

ble convolution and inverted residual structures. Then, combined with the CA attention mechanism, the
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detection accuracy of the lightweight model was improved. Finally, the improved model was deployed on

the embedded platform. The experimental results show that the size and computation amount of the im-

proved model, MCA-Yolox, are reduced to less than 1/3 those of the Yolox model, and compared with

Yolox-Tiny and Yolov4-Tiny of the same scale, it has higher detection accuracy. The mAP of the model

increased by more than 1% , and the detection speed can reach 30 frames/s after accelerated optimization.

In summary, this paper presents a complete industrial detection scheme based on deep learning to detect di-

amond wire breaks.

Key words: machine vision; diamond wire; detection of broken wire; light spot; deep learning; embed-

ded type
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Fig.1 Schematic diagram of light spot vision detection

system
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Fig. 3 Prototype of light spot vision inspection system
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Fig.5 Partial presentation of blob detection dataset
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Tab.3 Spotdetection accuracy and speed of Yolo series
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Fig. 6 Detection results of light spots in Yolox-m model

CSPDarkNet FPN
FFRHERREUM LR iGN

64
128 5 s
10

JRIRE G

3 A HsE

3.1 Yolox/F&

Yolox H A I 58 2 2 87 — 4 PE g B An A
DN B30, FLOR VR E 28] 3 O 3 T R AE 42 B 2%
iR R B SR 25 F0 53 2 A% = AR, A 7 s
FEILRESE R, 3 TR AR 52 HUR 46 2 CSPDarkNet
W&, e 2 5 R S B Be (Cross Stage Par-
tial, CSP) 5% 22 0 28 B Al J8g . o 5 R 1k 4 JC g 4%
(Feature Pyramid Network, FPN) & %y 5% [A] 43
F 3% # 1E (Spatial Pyramid Pooling Network, S-
PP) I % 12 & & M 4% (Path Aggregation Net-
work, PANet) 4 i . fii A B A 2853 CSPDark-
Net Al FPN 453 21| 3 45 141 58 A P 1545 AE £ 1,
% J5 7E Yolo Head 58 B HAn Kl . 5 Yolovd
I RBYA[EAE T 43 24 b Yolox 8 [l 5 $5 I A1
B B TUI HE AT JF R ) JC 48 AE (anchor-
free) 9 143 A T 00 Jy ok AXRE I A 19 R T A AE (an-
chor-based ) 9 1 HE T30 J7 2%

Y olox SR JH i #8 Aar U0 g , A5 0 A A5 00 45 o 184
TEI 5332, 4 300 FAE AL K T v Y [l AT 5%
FRN S B AR BE B0 9 — 50 241 55 A0 03 B, KBRS
) 78 ToU0 38 2 o [l A 45 0 00 24 45 1T fE AT
TERAR RS G AE T, 55 5 P38 ) 38 18 HE S 4R
By 3 Y 3 TR = 2 ok JEAT I A ME S L AR AR A
D AR IG I T /b (AR T BR ELA 80 4
e AR B I G ) WA SO B A TR BE AR A
A S5 AR n P 7 e A OUAE A 2% BT R, G e T
B 1T 1 PR A PATHE I — A0 RO pRARATE

s

S s X (5¢)
JEE EE ]n

H'

5+c

R e - ’
2

B 7 Yolox H b il 5.k HE 22

Fig.7 Schematic diagram Yolox target detection algorithm



o515

F o2 0m 4 LT IR B 2 2 1 4 M 2R 6 B0 A6 2265

A T HL 58 Yolo & %1 #55 #Y [1 & T anchor-
based 4 i1 FHHE I 77 7%, Yolox R H T H B i AT
i) anch-orfree [ 15 I AE [0] I 58 W& o 7F #E 17 1E 17
FEAS e PRI, 5 T R A 1 0 B HE T Iy s S
7Rt Y LS AE 5 R AE 1 32 9T iR

JC A HE 1105 5% A5 1m0 =, FE B H bR
YA 10 % HE B 2 B2 b S TEAE B A AE R FRAE
Pl o g A AR A — S T A, AR R 2 i A
2545 2 B I S5 2, 1, 00T VIR A2 12 00
S HETE R . i 8 BT s , 5 Yolovd A,
28 3o 00 24 T A B Y v s 00 T 2 B0 o 45 %L
PRI B L 4 1 B T DU A 7 9 v T AS PR T HE
AT A 1) L 19 2R

o(t)

e

o(t)

A8 T AE for K FE e s B
Fig. 8 Schematic diagram of position and width and

height of prediction box

AR A5 19 4 e A 1) F90000 2 $50RT 45 B0 AE B9 Hh
o i AR S e A R

b,=o(t,)+d,

by:a[(z‘,y)—l—dy’ (1)
b,=e"

bh: elh

Horpob,, 0,0 BUMAE o0 AR AR AR A T 1848 e L A
4 0 5% 1, b.,, 0, 9 BUAE 98 &5, 2,., ¢, 24 BUAE o
O AR AR B8 T 2250, ¢, ¢, R T AE S8 15 1 500
S8, d R d 0 T P A M e L A TR
7 LA R

TE A A R ARG A AT A 3 A N 2 4L
(18 = 2 gk 8, ) R R o g AR Ak 4R IR0 46 i
(4 3 5K FAE L, AR AR X (1) B AT R A = 4k e o
F1% 00 2 K 00 AR O 4 A 1 e A A A 6
ME o A R AR B ROSE R X, W) A5 5K AR AIE 15T W] 7

B X X TSR3 SRS, 5 2 7 B HE T30 ) A6
BUAREE WA T 2/3 BT 7 BAEARCH o Hl T
TR A B AR O TR RE AR B Y b AR TH R
h Tk — 2R /N IR SORE AR B B 25 R, A
Simple Optimal Transport Assignment (SimO-
TA) B2 AT IE URE A 23 38, B8 1E A% A 1Y %
o 1E SImOTA B, Sk B S HE N e L5
AE 1] S04 i 2.5 A Ak A% 1 DX IRl 43 Sy i 8 X 8k,
AL T T DX I8 AY TN iV Ry Ak T A A R RS
L P TN AE Sy i e HE o 5 T 5E g R AE 5 X
9 5 SEHE 9 TOU B, JF 3T 350 1B 4E 5 LS HE Y
P e B AN BB -
C=Ly+aX Ly, (2)
Horp s Lo WA SEHE 9 43 28 1R 22 |, L Ry i VEHE 1Y 7]
R 22 2 N R B0 50
P H R B SEAE B R E S 8y y T
B E
y = max ( EL S HEEE, 10). (3)
I AN ELSEAE TOU de K BT y A>3 T AE
B HTOU (E AR A5 2 ' ¥ A5 A B SEAE 9 i
HE H AR A R B R/ BB ' S0 BEE A S IEREA
y EONMEBCL, HRFEA AFEAR . B — A IERE
A g e HE XS W 22 > LS AE , W) 32 g B HE VA SR AR AR
BRI B /N LSS HE I IEFE A
Yolox H SimOTA 5 3% 7 FR il 9 16¢ 2 X 1K
W HEAT IEREAS 43 2 ORAIE T TE R A T, [ ) AR
I B0 R 3 A IORE A B, 8 i A T
HE A TEREAS , 3 v IEREAS A 5CEE o P A% Tt
RE U g SRR, ol T OO AE S B b 1 2/3, B LA
ARAER T AR BRI T IE AR L
o), A T TR AL I S Y TF 7R AS R T 24 A
[ B T T RAE BB TS AR AT IR E S
25 B A A9 RST, (4S80 311 2 B o i e
3.2 EFTFHERIMEE LR
555 TR B T o3 B A AU AR B B AL T VA
18] 5% 22 He il Z5 A BT X Y olox 46 5 fg (9] 45 &5 A4 F
174% A eicE B Yolox W) CSPDarknet 3 14
I 4 T 285 5 4 oAy R 48] 5k 22 B 46 0 19 5% Ak
™ £ Mobile-Netv3-Large, 5 2| %] & () 4% 1 1k
Z B Yolox-MobileNetV3, 7 3 T H# ik $12 B ™
2 BT, I 2 M-obileNetv3-Large #5& 5 £ J5 19
VEREZE . Yolox BEALH BRIN 1 H A IR R ST



2266 b=

K TR

31 %

640X 640, it 3 T FRAE 52 W 2% i 1Y 3 A~ FRAE
& 1 55 & 4y Bk 20X 20, 4040, 80X 80, Mo-
bileNetv3-Large M & %) 3 i 3 RFAE BT 19 R ) by
5 2Z A .

3 HRAE A B A7 B K #R BY S5 9 Mobile-
Netv3-Large M 4545 anzk 4 i n . KA ,3X 3,
S5X5RIRFEE TP BB AE P BB R, s %
R EEME A K o Scale il i 4 i Y 4% AF &5l
TE L 34 H A R E PR ST R A 043 5 A 80X
80X 40,40 X 40X 1121 20X 20X 160,

R4 IG5 M MobileNetv3-Large % 45 25 #)
Tab.4 Cropped MobileNetv3-Large network structure
] 2 25 4 LI
BRZE,3X3,5=2 320X 320X16

Bk 2 H,3X3,5=1 320X 320X 16
BI5k 2 e, 3X3,5=2 160X 160 X 24
Bk 2, 3x 3, s=1 160X 160X 24
52 515, 5=1 80X 80X 40
BIEE 2,515, 5=1 80 < 80X 40
BIF 2= 515, 5=1 80 80X 40
BI5k2EH 3X3,5=2 40X 80X 80
BRI 3X 3, 5=1 40X 80X 80
52, 3x3,5=1 40X 80X 80
BIEE 253X 3, 5=1 40 80X 80
BIF 2= 3X 3, 5=1 40X 40% 112
BRI, 3X 3, 5=1 40X 40x 112
B2 515, 5=2 20X 20X 160
52, 5X5,5=1 20X 20X 160
BIF 2= 515, 5=1 20X 20X 160

3.2 fncESFAERR U 4% i B i

FEXT 32 TR AE B2 B 45 E 47 2 A B s
XFI0 8 AR AE 45 B 2 i AT R kB . T
Yolox A5 %1 4 it i FPN o i & 47 K 79 45 BN
)R L Ge ik 22 25 M B, Ol T aE— 2D B/ R R
/N R TFT LA FPN #E A7 R it fb elciff . FPN £ #
H bR R SRR E S FLUZ I CSP 2 4 aL
CSP 2 CSP #R 22 e 454 o Ji o 5 45 A1F 12 B 9
LR EER R 9 BT R o

TS R AE B HCR) 2% 1 B AL ED K FPN Y 45
FRUZ o 1) 5 3 A B 8 R B T A B A R O
CSP JZ 1) 4 FRZE 1 5% 25 45 0 F A7 etk

PO i s i ik 422 JBU ) 46 245 4
Fig.9 The original enhanced feature extraction network
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Tab.5 Model parameter for different backbone feature

extraction network replacement

Parame-  Size/ FLOPs mAP/
ters/M Mb /G %

Model

Yolox-m 25.28 96.44 36.75 97.28
Yolox-MobileNetV 3 5. 30 20.23 7.51 95.02
Yolox-ShuffleNetV2 11.83  45.15 9.65 94.43

Yolox-EfficientNet 6.84 26.10 6.13 94.04
Yolox-GhostNet 5.03 19.20 6.87 92.86
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Tab.5 Parameters of model experiment

Model Parameters/M Size/Mb FLOPs/G mAP/% F1 Speed/(framess™")
Yolov4-Tiny 5. 87 22.42 6.82 92.52 0.922 15
Yolox-Tiny 5.03 19. 20 7.57 94.24 0.922 13
Yolox-MobileNetV3 5. 30 20.23 7.51 94.52 0.943 13
MCA-Yolox 5. 65 21.58 7.64 95.43 0.952 12
Yolov4 64. 36 245.53 71.40 97.28 0.972 1
Yolox 25.28 96. 44 36.75 96.97 0.963 2

(a) IR EIG

(a) Original image

(c) Yolo4-Tiny

(d) Yolox-Tiny
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Fig. 18 Comparison of detection effect of each model
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