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Real-Time Optical Fiber End Surface Defects Detection Model Based on
Lightweight Improved Network
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Abstract Optical fiber is an indispensable transmission medium in modern communication system and quantum secure
communication network. In order to solve the problem that the optical fiber end surface defects cause transmission quality
decline or even permanent damage to optical transmission system, a fiber end surface detection model YOLOv5_CS based
on YOLOVS algorithm is proposed. Firstly, ShuffleNetV2, a lightweight network, is used as the main feature extraction
network. Deep convolution operation and channel random mixing strategy are used to reduce model capacity and enrich
feature information. Secondly, the convolutional block attention module (CBAM) is introduced, and features are enhanced
in both spatial and channel dimensions to improve network performance. Finally, the number of convolution kernels in the
feature fusion layer is reduced to achieve further model compression. The validity of the proposed method is compared and
verified by the optical fiber end data set constructed by data augmentation technology. The results show that compared
with the YOLOv5 algorithm, the model capacity of the proposed model is reduced by 80%, the detection speed is
increased by 31.1 frame/s, and the mean average precision (mAP) is increased by 1. 7%, which can accurately and real-
time detect optical fiber end surface defects. This work is aimed at the development of portable intelligent detection
device, and can also provide technical support for optical fiber end surface defects detection and related visual sensing
industry.
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Fig. 1 Diagram of fiber end surface defects
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Table 1 Comparison of detection results of five models

Method ShuffleNetV2 CBAM Delete convolution kernel mAP /% Infertime /ms
YOLOv5s 82.10 11.5
YOLOvSs_A N 84.18 12.5
YOLOv5s_B N 81.70 9.1
YOLOv5s_C N NG 83.93 9.9
YOLOvV5_CS N/ NG NG 83. 80 8.5
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F2 SMEAEIR IR XTI
Table 2 Complexity comparison of five models

Method Model of capacity /M Number of model parameters /M Floating point operations /G
YOLOvS5s 14.0 7.1 16.3
YOLOvS5s_A 16.2 8.3 17. 4
YOLOv5s B 7.8 3.9 8.5
YOLOv5s C 7.9 4.0 8.6
YOLOv5_CS 2.8 1.3 3.8
& BRUERAE L)L K S B AR & SRS, 46 R R 45 4, L0 —3Grow.cs
B REAE A3 B I TE T R S B A R A T sl TORONS,
SR R4 L. YOLOvSs CHERA mAP /
AR E T YOLOVSs [ 4% 1T 1. 834~ 4 45, B ok : 061 Yot
e PR A R > T 1.6 ms, HOA A A A B TR 04l
YOLOvSs M4 TR T 43.5% o
$i@?%*§‘gﬂ YOLOV5_CS El/‘] mAP {E*ﬁiﬁfﬂ:ﬁ 0.2r 250 260 273 zsk(l) 290 300
YOLOVSs W% b F+ 1. 70 4 1 53 £ . 5 3K e 50 ] 00|
T3 ms, HARE 2 ik A BT J YOLOVSs [ 45 T 0 50 100 150 200 250 300
T80% . 5 YOLOvV5s_ CHRIAIAR L, H mAP AL AR Epoch

T 0. 134 E 4 a5 H sk HEBER (B 92> T 1. 4 ms, Ui
HHY 445 a0 FR A il 6 V2 0 R B AT [ AR S TR 2 ) g
s> T R S HOTUAY Sy 1 R AL I ok B

3R 5RO AR OR [R] A A N R A X EE
i 22 3] AT Y, 7F Tesla T4 B K417 F, YOLOVS
CS #3355 T YOLOvSs M 4% 31. 1 frame/s,
7E Tesla K80 2 K547 F, YOLOvV5_CS #y ¥ I 3 B
& T YOLOv5Ss B 4% 14. 0 frame/s. H YOLOvV5_
CS & 5 i I 25 v Ao 00 5 B A PR 109, 49 & S B e ) 22
SR, AE SR R v, B A S o A, TR X TR
IR M 7E MERE A 22 I & [, YOLOVS _CS HA fl
P

#£3 AR R AR B B X

Table 3 Comparison of detection speed of different graphics

cards unit: frame/s
Method Tesla T4 Tesla K80
YOLOv5s 86.9 32.0
YOLOv5s_A 80.0 25.0
YOLOv5s_B 109.0 40.0
YOLOv5s_C 101.0 36.2
YOLOv5_CS 118.0 46.0

LR 1~3 PR AR SO BRI A A IR B, A
R DL K AR 25 1 FR AR TR YOLOvSs M 4%, HAF &
SRR A FE oK o AH B T SCHER (6 1K DN R 5K 1 R R
620 ms, B 1. 612 frame/s, YOLOv5_CS &Y # il 3 B
BT 492.4%.

3.5 R
10 2 YOLOv5s M 4% 5 A SCAL A YOLOvVS_CS

K10 IR mAP A2 AL L 5]

Fig. 10 Comparison of mAP changes during training

YIZRIATE] mAP AR X LI o 8 AR B Ry U 2R 8K, DAk
Fr A mAPAH . B E A, YOLOVS_CS i mAP {H
BT YOLOv5s.,

TR I Zad B2 v, AT A 22 1 95 % il 2R ok W
MRS 25 7 2o B2, 48 2% 8 /A 3% 00 25 2R 5 S PR 4
TR 25 N A I SR R, ] 11 R AR SO A
YOLOV5_CS 5 YOLOv5s £ 18 78 31| 5 it (4 A1 B SF 15
P4 i 2, A A B A IR B, D\ A A SR I 2 B0 1] ) 4
FAl . E AT IE B NI 3 455, YOLOVS_CS
S 1 it 2K bR AR T YOLOVSs (19 ¥4 2 o |/
YOLOv5_CS BRI ZR 45 54 T YOLOvSs.

0.12

0.11f ---—-YOLOV5_CS
0.0 YOLOvbs
£008t
gom booA
<006t
0.05}
0.04 iy

0.03

0 50 100 150 200 250 300
Epoch

BULIL IR0 R B0 L ]
Fig. 11 Contrast diagram of training loss function
%49 YOLOvS_CS# 5 YOLOVSs ¥ 45 Xf F
HAR G BRI 25 R XS e . i 4 al 1, YOLOvVS _CS
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Table 4 Comparison of average precision of three types of defects

unit: %
Method Dig Pit Scratch
YOLOV5s 75.1 79.5 91.6
YOLOvV5_CS 7.7 81.4 92.5

B XS T 3 2 e o 1100 A6 K 2 349 A il i T, JHG vl R o ke
B L T 37 Bk o FTR) I B8 B 19 mAP (B 43 S 82 5 T 2. 64
R L9 E R A0, 94 H 2 A

12 YOLOV5_CS B SR LA K 3 28 Bk B P-R
(Precision-Recall) i £& Xt & o Ak bR S F [l R
(Recall) , 9\ A b R 4% i 2% (Precision) , P-R H#H 28 [l 1%
) T AR R SA SF HRE BE DA T A A A A i R ) T AR
KNELHL, R R 90 B mAP & &, M BT R 2, R A
AL
3.6 WMER
YOLOvV5s P 4 55 A SCA8E A 23 50 % i 28 42 35 430
2F vy 1 R R R I g5 R an i 13 B R o Kl 13 (a) |

(6]

Pit 0.68

YOLOv5s

—— pit 0.814
——dig 0.777
—- scratch 0.925 \
— all classes 0.838 map@0.5 |

0 0.2 04 0.6 0.8 1.0
Recall

Bl 12 P-RiliZE
Fig. 12 P-R graph

13(c) A YOLOvSs B A& 485 3, 15 13(b) \13(d) A AR
SO (RGN 45 S . XL 13 (a) (13(b) AT L& R,
X FH4 BBE , Y OLOVSs A7 78 Wi A6 17 50, 1 A% 3 A% A
A LUK DU 2] Y OLOvSs (9 I & H bk o % EG B 13 () |
13(d) AT A& B, Y OLOV5s 17 76 K 0 HE #5145 Bl | 1M 4%
SO AL TR A L o

- ®

YOLOv5_CS

E113 YOLOv5 CSHAIE YOLOvSs ARG I 25 R xf k. (a) . (c) YOLOvSs IR 25 5 (b) .(d) YOLOVS_CS [ # 45
Fig. 13 Detection results comparison of YOLOv5_CS model and YOLOv5s model. (a), (c) YOLOv5s detection results;
(b), (d) YOLOv5 CS ditection results

[ 14(a) \14(c) 2 YOLOv5s By K I 45 5 L 14 14(b) |
14(d) R ARSCTF R I 25 5 o X He s 14 07 DLk 3,
AR SO ARG I 45 2R 1 B AE BE VT 43 348 T YOLOVSs K
W45 5L 04 B A5 BEIE4)

g5 b IR AR SR B R RE % X O £ i T B9
3 ik B 11 3l 23 28 LA R B 3 ik B B AR 2 8 X B A 3
A 2SR, I 5 5 YOLOVS 9 4% A L G T 45 L 5
HEH .
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K14 YOLOv5_CSHHLY YOLOVSs Rl 45 5 XF [ o (a) . (¢) YOLOvSs ByA I 25 25 5 (b) . (d) YOLOV5_CS Ay il 45
Fig. 14 Detection results comparison of YOLOvV5_CS model and YOLOv5s model. (a), (¢) YOLOv5s detection results;
(b), (d) YOLOvV5 CS detection results
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