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Detection of foreign fiber in cotton based on improved YOLOvV3
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(1. School of Information Science and Engineering ,
Wuhan University of Science and Technology , Wuhan 430081 ,China ;
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Ministry of Education , Wuhan 430081 ,China)

Abstract: In order to solve the problems of low identification efficiency and poor real-time performance
to cotton foreign fiber detection, an improved method of cotton foreign fiber detection based on
YOLOv3 was proposed. The constructed model of MobileNets-YOLOv3 was designed, in which a
lightweight MobileNets network was selected as the feature extraction network, combined with
YOLOv3's multi-scale feature fusion detection network. A segmented learning rate was proposed to
enhance the learning effect. The cotton foreign fiber image data set collected from the equipment on

real site was divided into a training set and a test set, according to a ratio of 4 ¢ 1. Six image augmen-
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tation methods, such as contrast enhancement, brightness enhancement and so on, was induced, to
expand the original data set. Based on the training set before and after expansion, different learning
rates, the YOLOv3 model before and after improvement, the proposed model and Faster R-CNN
along with SSD_300, different models were tested and compared. The experimental results showed
that the data expansion and the segmented learning rate can improve the overfitting of the training
model, and the mean average precison (mAP) on the test set was increased by 3.6% and 5.64%
respectively. The improved YOLOv3 model can significantly reduce the mistake rate and miss rate of
detection. The mAP of the test set was 84.82% , and the frame rate was 66.67 f + s~ '. Compared with
YOLOv3, the mAP of MobileNets-YOLOv3 was increased by 2.03% , the frame rate was raised to 3
times as it and the duration of training was shortened to 1/4 times as it. The overall performance of
MobileNets-YOLOv3 was also better than that of Faster R-CNN and SSD_300. The proposed method

can better satisfy the accuracy and real-time performance of cotton foreign fiber detection.

Key words: cotton; target detection; YOLOv3 network; MobileNets; deep learning
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Fig.1 Cotton flow image taken by CCD camera
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Fig.2 Example of foreign fiber images

F1 NEEMNXERZEANREENNE

Tab.1  Number of ground truth for each class in the

data set
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Fig.3 Example of foreign fiber image augmentation
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Tab.2 MobileNets structure

R LITN BIRER RS RT /2K
224X 224X 3 conv 3X3X3X32/2
112X112X32  conv dw 3X3X32/1
112X 112X 32 conv 1X1X32X64/1
112X112X64  conv dw 3X3X64/2
56 X 56 X 64 conv 1X1X64X128/1
56 X56X128  conv dw 3X3X128/1

Block1
56 X56X128 conv 1X1X128X128/1
56 X56X128  conv dw 3X3X128/2
28X 28 X128 conv 1X1X128X256/1
28X 28X 256 conv dw 3X3X256/1
28X 28X 256 conv 1X1X256X256/1
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Fig.5 Training process of cotton foreign fiber detection
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Fig.6 Curve of segmented learning rate
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Fig.8 Detection results
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Tab.4 Comparison of results in different training sets
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2 3% IR 465 = 1/4 £% ., MobileNets # ™
28 2R Darknet53 W28 1Y 1/2 %, 51 X %ol 5 R
AL/ IN B RE L Bl REAE R O BICR R T A 4
T E RS . [EE, MobileNets % F FIRE 705

x7 BHMERIERNE R
Tab.7 Comparison of detection results before and after

network improvement

W W WUER AR/
T T A A4 B
mAP/% mAP/% (f+s 1) h
MobileNets-
84.82 99.27 66.67 8.83
YOLOv3
YOLOv3 82.79 97.42 20.00 36.09




1202 W5 B

35 %

BRI T KA 5 DA L i SR AT A
P . SR 4G R AR T i e I A R LA
FI8 R A J3E R T e ) 92 I L R A AR R U A R T
P

RS MHEAMKERENLHNE AP X LL

Tab.8 AP comparison before and after improving the
network %
ik 4R plERS
eyl MobileNets- MobileNets-
YOLOv3 YOLOv3
YOLOv3 YOLOv3
Yok F 21 86.44 85.19 99.63 98.67
Hokth e 81.32 77.92 98.96 96.45
YN EA 81.92 81.58 98.97 96.64
ZARh L 89.58 86.48 99.53 97.91

4.3.6 5 Hpo i BE A 84 2tk

WA SCR 5 3 AR G BB 48 W 4% Faster
R-CNN" [SSD_300"" fify 46 I %4 SR #4717 % He
gERINE 9 frn . ME 9 AIA, Faster R-CNN fY
G5 0) 74 A R A v 5 HE AR SC) MobileNets-YOLOv3
kw2 AR H MU A N 6.58 [+ s, [d]
ik o0 28 Y1l ik ] fe 4 . R 116,63 h, FEE R &

®9 ATEEMEEFITEL

Tab.9 Comparison of different detection models

. MR YIZRgE MR/ JIgn/
o i 452 7
mAP/% mAP/% ({es") h
MobileNets-
84.82 99.27 66.67 8.83
YOLOv3
Faster R-
86.82 88.84 6.58 116.63
CNN
SSD 300 72.66 78.20 15.89 18.30
S £ X Wk

Faster R-CNN HJ DX 3 2E J X % 242 B 2 000 24>
Al BE AL H bR 0 45 1 X 38, SR 5 CNIN X 4 4>
i e X AT 73 2, &2 2% B RE B 38 Jm 1 X 2% 4 3
B, Faster R-CNN JC ¥ i /& 52 i i 75 oK .
1M SSD_300 JC it 7F Ao WK B2 A0 I 588 B8 | 4 22
TASCH P, EEF R SSD_300 #5571k 24 1) ¢
TIE B FEAE FRAE B2 AN 78 43 ) A0, G ) S 2 3 /)
ERTNEY RS g =

25 b, AR SCH Y MobileNets-YOLOv3 #
I A5 7 A 82 T Faster R-CNN,SSD_300 ¥ i 2= >J
SV TE DR UERS B (0 AT T, I 25 B T R 4 Ok
HMiE 2k 5 T 66.67 [« s ', AT LA 2 Tl K
DU 52 s 1 2K

(D W T — Fh 3 F MobileNets-YOLOv3
{14 R A 5 1 27 2 A I i o DA B — P B X2 )
R IR T AR BCE 1 T £ b 2
752 X M 4 A ME B 2R mAP S 84.82 %, iR
ik 66.67 [+s !,

(2)5 YOLOv3 53 4H kb . R | MobileNets
P R R AE $2 B 45 19 e i YOLOv3 £ I 53 3%,
mAP H2 5 T 2.03% , WU 2 3 %, Yk
B IR0 46 50 28 1/4 % EL A B8 e 9 1RO R L S e
PEOL ST 5,

(3) WUk 4 B2 o AR T 3 e w Y
8 B0 U 1 RE T L I A 0 ) 4% L A N 4
B mAP AR T 5.64% . XF R 4A EAR EcdE 2E 17
Bl )5 IR B AE K 4E B mAP {2
BT 3.6% . AT M EE A A,

(1) 5B M % Faster RRCNN #l SSD_
300 AH L A SCHR L AR M B e AR L BE BB AR TE 3L
FR) AL A B2, SR AR I R T 25 L A5 A M A S £
U 238 R S MR K
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