$F40% H I W
20214 5 H

C U S AN

Journal of Huazhong Agricultural University

Vol.40 No.3
May 2021,278~285

JBUA, E XA 2R POE , S B T R0 SSD A AR i A R 0 [T ] A v Aol KA 2= 4k, 2021,40(3) £ 278-285.

DOI:10.13300/j.cnki.hnlkxb.2021.03.032

E Tt SSD Y4 Fh Al 453 4

P REKRFZFIRRE/RERMIFR P FTHRLEEETEEZE S, KX 430070

TEE O S0 BURE VAR R 0 45 AG T LA BT B 57-50 8 JBE AR KE O T 9% X 42 o 6 TE R A B DL 432 08, 6 A CCD
AR AL R S T R FF 10 RS, 7 28 B ) B0 28 2 HE K6 I (single shot multibox detector, SSD) 8 I #E 7ok, 3T
it SSD. FIl FH ResNet 50 45408 22 i SSD B3k 19 VGG M 45, % ResNet50 {18 SSD A SRl 19 45 , FH Sk T
T B IR AR T PG I AT o 26 X 90 4 S0 200 A KT % 8 A K 2 UG o 1R, i 2 SR AR W i O Tk Y
PRI Kot O A R A G RS 8 L [ SR RS R A B 96.126.97.3% .0 % 5 185 T 4 #H SSD [ 4% 45 A1 CR: IKG 138

A a1 KR A 92.5%0,96.4%0.1.4 %) ,

EKBE DI BEIARATAR I TTAR I ; ResNet50; SSD; AFEIRM; 4r %8 e 1k MATAS 1k

RESES S561;TP 391 XEFRIEEG A

FR AR TEELAE SR BE G R v A A AN W)
T 2 O O A0« 3K T 0 S e A A 1 7 o R T,
S S P e A X TR ] Y A AR 2R 7 b A R R
TEXT $ o iz X A AE 7 i A R ., BT,
FE N AN AT OG- A I O ¥R B A ST A 22 T E T B
) Tigabu %5 T 20 (NIR) S 15 43 31 % 5
KT FIAS R Tl 347 53 2 s B AR AR A0 (R A5
SR JHAIL i A0 5 Xof b 4 230 €0, LA B 4 1 0 AT 0 5
5031 s AR AR AT A €08 B0 X RORT 1Y) A
P 52 3 A7 iR 5 Golshan 285 | Brennen 40
A 6] /9 5395 A 2l ks DU 14 B 5 Dean
ALV R % B L) A Ak T R S AR IR, L
B ST R Z2 R X FRORL R ARG T, OB ARRF Y A
D280 3R AR 552 o 7 AR X ik A2 A 7 oK PR O 4 s A
FAS I R3S IS 7 19)

T AR GE R BL AR 2 20 J5 1 5% LA AR 1Y 4
s 75 N AR RO KF R0 5 0 A7 B A ST 1 5 A A
4 S AR R I T2 T ) A T A8 R AR W A
Tl B 28 W) 2% (deep convolutional neural
network) H 3l 4 B G AR AE U 301 2, BL7E Al A6
DSR2 L TR RN LR
m T /N B bR, T3l 4 BORE R 8208 N XE. SSD-

Y H 1. 2020-12-01

XEHES  1000-2421(2021)03-0278-08
VGG16 2% Be i bR )t 15145 rb i ARF L 5 3001
HARG 5 A A7 B 38 H T 2 HARK I, (B X T4
R B4 it Jo A ) 3 7 2 1 — 25 i ek

ARBEFEAE SSD W 260 (1 3 fily -, 2 — 3L
T ResNet50 [0 45110 B E 1 BF 0 A b7 85 50 4 0 7
2, R ResNet50 B 25 1 Sy B filt 4 2% F 2l 42 O
FEEMGARAE  IEF T SSD 9 45 XoF T 1A 46 5 B 1 32
FI] o B A Ay A I B R B AT A A B AT 0 SR B
T SH Gy VEARRE R BEAL L E— 2D B R AR A 2R L
Je BT R AR H B A B S SRR 3

1 HBEH®

11 REBEGURERERS

RFF R A %6 B B2 AR OGUR AHAL BTk
TR R AL A s (1), A AL
AD-080GE TV AHHL, 43 HEH R 1 024 X 768 dpi,
Ay 30 FPS, iy TAT: B2k i Kowa 20w il &
M) LM6NC3 Bl JEih 12 W A IE F19% LED ¥
IR, REH B WL N Lenovo B50-30, RE KA K
JATL SDK., HMp¥F7E B A6 09 4 BE L £ BE A B 7E R
Rt B RN AE

HEWH  ER AR EREETH (61701334) ; 5= 1 74 5 5 4 7=k BB 32 #8300 3 (2018DB001) 5 38 HLA K2 rf [ A ok K24 B A S 4 100 H

(TDZNILH201703)
Jifi 5 , E-mail : 534893320@ qq.com
WAEVEH : £I54E, E-mail: wgh@mail. hzau. edu.cn



JEA 45 . T ECHE SSD (RS A A A A

279

1.5 44 Black box; 2.7 5 # Background plate; 3.## ¥ Cotton-
seed; 4. MHHLHIEE L Camera and lens; 5.3 G Ring light; 6.4
AL Hi 2k Data transmission line; 7.31 8. #l Computer.

1 BEBRRERS

Fig.1 Image acquisition system
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Fig.3 Improving the former SSD network structure
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Fig.4 Comparison between ordinary and residual
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Improved SSD network structure based on ResNet50
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Fig.6  Transfer learning loss function curve
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Table 2 Model test results

B LR, W%/ % WM E/FPS  BUE A/ Mb

Model Precision Recall Missed detection rate Speed Parameter size
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.1 7. 0 11.10
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Fig.7 Test charts of different models
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Improved SSD based detection of damaged cottonseed

GU Wei, WANG Qiaohua, LI Qingxu,SHI Hang,ZHANG Hongzhou

College of Engineering , Huazhong Agricultural University/Ministry of Agriculture and Rural
Af fairs Key Laboratory of Agricultural Equipment in Mid-Lower Yangtze River ,Wuhan 430070 ,China

Abstract Cotton production in China is huge. The southern region of Xinjiang is one important cotton pro-
duction base of China. At the same time,cotton production is a pillar industry in this region as well. However,
the quality and sorting problem of lint-free cotton has severely limited the development of the cotton industry in
this region. In order to realize the detection of damaged population cottonseed, the population cottonseed of Xin-
luzao-50 # lint-free cottonseed were randomly arranged. The CCD camera was used to collect the image of the
population cottonseed. The classic single-step multi-frame detection (single shot multibox detector, SSD) algo-
rithm was improved. Based on the improved SSD,the ResNet50 network was used to replace the VGG network
in the classic SSD algorithm. ResNet50 was used as the basic network of the SSD to quickly extract the image
characteristics of the population cottonseed,and to finally realize the accurate identification of the damaged cot-
tonseed in the population lint-free cottonseed. The results showed that the detection accuracy, recall rate, and
missed detection rate of the model established by this method for the damaged cottonseed and the non-destruc-
tive cottonseed in the population cottonseed was 96.1%,97.3% ,and 0%, respectively. It is higher than that
(92.5%,96.4%,1.4%) of the classic SSD network model. This study transfers the pre-trained model weights
under the COCQO large dataset to the task of damage and non-destructive detection in the population cottonseed,
which accelerates the convergence speed of the population cottonseed detection model and saves the training cost
of the model.It solves the problem of the difficulty of segmentation of the population cottonseed image. It direct-
ly uses the convolutional neural network to obtain the position and category information of the cottonseed. It is
not necessary to use traditional image recognition methods to separate the individuals in population cottonseed
for detection. It will provide a novel idea for detecting population cottonseed damage to accelerate the intelligent
sorting of cottonseed and a technical support for subsequently studying and developing related automation equip-
ment.

Keywords lint-free cottonseed; detection of damaged cottonseed; damage-free detection; ResNet50; SSD;

accurate identification; intelligent sorting; selection of cottonseed
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