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Wheat Grain Integrity Image Detection System Based on CNN

ZHU Shiping' ZHUO Jiaxin' HUANG Hua'® LI Guanglin'
(1. College of Engineering and Technology, Southwest University, Chongqing 400716, China
2. College of Engineering, Kansas State University, Manhattan KS 66502, USA)

Abstract. In order to recognize the sound and broken grains of wheat quickly and accurately, an image
detection system of wheat grain integrity based on convolution neural network ( CNN) was designed and
implemented, and successfully applied to actual detection. The images of sound and broken kernels were
captured and the image database and morphological characteristics database of single wheat grain were
established after some image processing ( segmentation and filtering) . Both databases were divided into a
training set and validation set according to the ratio of 7:3. Four typical convolutional neural networks
(LeNet —5, AlexNet, VGG — 16 and ResNet —34) were used to build wheat grain integrity recognition
model and compared with the other two traditional algorithms of machine learning ( SVM and BP neural
network ). The results showed that the training speed of the two traditional models was faster, and SVM
gave the highest accuracy of 92. 25% . By contrast, all four kinds of convolutional neural networks had an
accuracy rate of about 98% . Among them, the accuracy of test set of AlexNet, which had the best
recognition performance, was 98.02% , and the recognition speed of it was at a rate of 0. 827 ms per
grain. Therefore, a wheat grain integrity image detection system was developed based on this model, and
used for actual detection. The detection results showed that the detecting time of 100 wheat grains was
26. 3 s, among which, the average image acquisition time was 21.2 s, and the average image processing
and recognition time was 5. 1 s, and the average recognition accuracy was 96. 67% . The system was easy
to operate, which had stable performance, and provided a reference for the design of wheat grain image
detection system.
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Tab.1 Accuracy of model in training and validating

e 4 .- IEG Dropout fii — —WHEN Il 25 B HE 5 1E 4R Y 5

R JHI /s /% /%
1 SVM 30 11.32 93.61 92.25
2 0.010 144 92.48 92.19
3 BP #IZE /4% (8 —15-2) 0. 005 156 0.55 92.43 92.13
4 0. 001 182 92.52 92.24
5 0.4 76 99. 90 96. 67
6 0.010 0.5 90 2 99. 85 96. 71
7 0.6 100 96. 38 94. 64
8 0.4 63 99. 83 95.98
9 LeNet—5 0. 005 0.5 95 2 99. 04 96. 00
10 0.6 94 99. 95 97.90
11 0.4 100 96. 38 94. 69
12 0. 001 0.5 100 2 96. 49 94. 60
13 0.6 94 98.99 96. 19
14 0.4 76 100 98. 50
15 0.010 0.5 43 30 100 98. 74
16 .6 52 100 98. 67
17 0.4 43 100 98. 48
18 AlexNet 0. 005 0.5 88 30 99. 82 98. 24
19 0.6 37 100 98.79
20 0.4 57 99. 85 98. 57
21 0. 001 0.5 57 30 99. 98 98. 50
22 0.6 54 99. 98 97. 86
23 0.4 42 100 97. 81
24 0.010 0.5 25 162 99. 81 98. 05
25 0.6 31 99. 95 98.19
26 0.4 62 99.99 97.76
27 VGG —16 0. 005 .5 49 162 99.91 97. 81
28 .6 51 99. 99 98. 24
29 0.4 60 100 97. 83
30 0. 001 .5 48 162 99. 85 97. 88
31 .6 53 100 97.90
32 0.010 20 100 99. 29
33 ResNet — 34 0. 005 25 141 100 99. 12
34 0. 001 21 99. 96 98.76

i 4

Kl 4 AlexNet(IRX3 19) (9 HERH 3 5 81 2k {8 it 26 5 ResNet —34 (i3 32) i 4 5 5 41 0% (5 M 46
Fig.4 Accuracy and loss curves of AlexNet( No.19) Fig.5 Accuracy and loss curves of ResNet —34( No.32)
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Tab.2 Recognition performance comparison of

AlexNet and ResNet — 34 on test datasets
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Fig.6  Wheat grain integrity detection device
LAKD 2 =il 3. ke 4. USB Lk #fek 5.t
FIAE 6. LED JTH 7.0 B 8. fL ik

BT rER
Fig.7 Separating plate

K8 USB Tl #5154k /N 22 EHE
Fig.8 Wheat image by USB industrial camera

o

=z

FUZ oy #) LL B RO 8 %, 153 81 R ~F 224 1205
224 AR ZR W Bk /N 2 KRG, B a R 1 ik
B 19 YN 2R3 5] AlexNet [0 2% #5500 34731 51, IF 48
T 58 R F0R HORE 0 B0 KT o H ]

A L &R g xF 3 4t /22 (100 ki 58 % hi
100 KL 451 kE . 70 R0 52 4 kL + 30 RL i 451 kL) #E 4T
3 LR R A R R, 3 /N 2 R R R
WH 97% 96% 97 % ,~F- 4P 5 HEHH 2 96. 67% ,
IR 2 Hpil 3 A 19 500 o 1 2R, DR Sk A% 326 1 I
J6 2 T8 E ROy RN R A B
S, PR e AR P A — s T BRI 2 A0 R
43 PG H A7 A8 SR 0 Wk /N 32 B TR I 28 R G
PAOE ERRR G o 1% R G R R, UM RO B R
SE B BT B R, SRR 100 R/ 2R RL AT
SERIEFE] Y 21,2 s, B R AL 35 50 7 3 6 )
NS5 1s, ML H B OR 26.3 s, B8 95 0 2 S bR K DU

5 it

(1) X /N2 A7 s 50 38 M G R ) 1) [R) L, o 4
Fofr e A 5 BN 28 0 2% S AL G2 SVM il BP il 2 [ 4%
HEAT B A, 5 S 2 B, 45 FEURI 28 I 245 1) 1L 531 o e %2
LT e =T R £ N T SR R =T IR
99.29% , A5 W45 B 25 14 52 2% B, X 4% 1 I 5 Bk ]
HA %25, Hr AlexNet B 25 Il 25 — YK B[] 24y
30 s, B U HERA o5 = o 98.79% , IRAE B &
Do 28 (R I 25 B i) 328 K F 4% S8 B L4 2 > B (H i
FAR T INAE KR T PR B R A B

(2) JE U0 HE i 28 5w I U3 19 119 AlexNet
i 32 (1) ResNet — 34, 17 R0 1 BB LU 4%, 245 2R
T AR 19 (9 AlexNet 51 3 B 57 P, BAURE /)N 52
U B [A] 0. 827 ms, i1 1 #E 1 2 5 ResNet — 34 #f
T, H# O 98.02% , Ja & 98.57% , A I ik
AlexNet 1 Ay 7] 22 k77 58 B VE R 28 56 10 PR 0 AR A

(3) 5T AlexNet BRI BT T /N 22 K7 br 56 &
LA I 2R 55, % 3 2 100 R/ 22 K0 04T 46 1, 1]
1R R AR AL BRI 3 TS 26. 3 s, o7 3431 1] E 1 3
$ 96.67% .

Z x W

(1] E—2, 0 ka5 REV/NEAE WA S IR LT, E R BTIE 5 XA, 2018, 39(5) :36 -45.
WANG Yijie, XIN Ling, HU Zhiquan, et al. Current situation of production, consumption and trade of wheat in China[ J]. Chinese
Journal of Agricultural Resources and Regional Planning, 2018, 39(5) :36 —45. (in Chinese)

(2] XUk, EREME, EWRY], & BT IUT L0 R G IS R B /N2 A 58 Rk I Jy i AR [0 1. O 2 150638 434, 2019, 39(1) .

223 -229.

LIU Huan, WANG Yaqian, WANG Xiaoming, et al. Study on detection method of wheat unsound kernel based on near-infrared

hyperspectral imaging technology[ J ]. Spectroscopy and Spectral Analysis,2019,39(1) :223 —229. (iin Chinese)
(3] oML, whfe 2 i 84 5. 6 TRtk AR AR B/NE R T 20 R YUNBT R [T]. 2 EY"#4 ,2019,39(1) :96 — 104.



42

& BLOW o R 20204

[4]

[6]
[7]

[9]

[10]

[11]

[12]

[13]

ZHANG Hang, YAO Chuanan, JIANG Mengmeng, et al. Research on wheat seed classification and recognition based on
hyperspectral imaging[ J]. Journal of Triticeae Crops,2019,39(1) :96 —104. (in Chinese)
KRS BRFERE, B A D ER A BRI U R [T]. s BRI =4, 2014, 29(4) :118 - 123.
ZHANG Yurong,CHEN Saisai, ZHOU Xianqing. A review of image detection technology for wheat[ J]. Journal of the Chinese
Cereals and Oils Association, 2014, 29(4) ;118 - 123. (iin Chinese)
PALIWAL J, VISEN N S, JAYAS D S. Evaluation of neural network architectures for cereal grain classification using
morphological features[ J]. Journal of Agricultural Engineering Research,2001,79(4) :361 -370.
MANICKAVASAGAN A,SATHYA G,JAYAS D S,et al. Wheat class identification using monochrome images[ J]. Journal of
Cereal Science, 2008, 47(3) :518 - 527.
UTKU H. Application of the feature selection method to discriminate digitized wheat varieties[ J]. Journal of Food Engineering,
2000, 46(3) :211 -216.
At e, S8 AL AT e BP g% /N AR [T ] SN AR R A, 2017, 45(10) 1156 ~ 160.
MENG Xi, WANG Kejian, HAN Xianzhong. Classification of wheat varieties by improved BP neural network [ J]. Guizhou
Agricultural Sciences,2017, 45(10) :156 — 160. (in Chinese)
ol R 35, 2 ok, fif o . T PEUAGORUR A /N 22 R R 43 2R TS [T ] A0k B2 ,2005,38(9) 11869 - 1875.
HE Shengmei, LI Zhonglai, HE Zhonghu. Classification of wheat cultivar by digital image analysis[J]. Scientia Agricultura
Sinica,2005,38(9) :1869 - 1875. (in Chinese)
EREE B AR, 55 T EMRAL B N TR 28 00 2% 1% /0N 22 000K S WL ST P O vk (1] ARk AR 2% 4, 2007,
23(1):158 - 161.
WANG Zhijun,CONG Peisheng,ZHOU Jialu,et al. Method for identification of external quality of wheat grain based on image
processing and artificial neural network[ J]. Transactions of the CSAE,2007,23(1) :158 —161. (in Chinese)
TR, B B A5 TR U R AR N R TS LRI LT . vh AL K224 ,2014,19(5) +180 - 186.
JIA Jia, WANG Jianhua, XIE Zongming, et al. Wheat seeds selection based on computer image recognition technique[J].
Journal of China Agricultural University,2014,19(5) :180 - 186. (in Chinese)
TR BRIETE, W, A ST IR AL PR b 22 ) 2 /N2 O S R I i F ST L] kR £ A Bk, 2014,22(3)
59 - 63.
ZHANG Yurong,CHEN Saisai,ZHOU Xianqing, et al. Identification of unsound kernels in wheat based on image processing and
neural network[ J]. Science and Technology of Cereals, Oils and Foods,2014,22(3) ;59 - 63. (in Chinese)
R B, AR, I B 4G, 45 BE T Spark (9 A 1) it BILAE /N 2205 7 USRI P R B [T ] B0 R AL RE 2 ,2017,46 (7)) ¢
148 - 153.
LIN Zhongqi, MU Shaomin, SHI Aiju, et al. Classification of wheat disease images using parallelized support vector machine
based on Spark[ J]. Journal of Henan Agricultural Sciences,2017,46(7) :148 —153. (iin Chinese)
Was, BANEL, B4, A G BB A M4 1T]. Ak ,2016,42(9) :1300 - 1312.
CHANG Liang, DENG Xiaoming, ZHOU Mingquan, et al. Convolutional neural networks in image understanding[ J]. Acta
Automatica Sinica,2016,42(9) ;1300 - 1312. (in Chinese)
FERENTINOS K P. Deep learning models for plant disease detection and diagnosis [ J]. Computers and Electronics in
Agriculture ,2018,145.311 -318.
ZHANG S, HUANG W, ZHANG C. Three-channel convolutional neural networks for vegetable leaf disease recognition[ J].
Cognitive Systems Research, 2019, 53.31 -41.
BARBEDO J G A. Impact of dataset size and variety on the effectiveness of deep learning and transfer learning for plant disease
classification[ J]. Computers and Electronics in Agriculture,2018,153 :46 - 53.
FUENTE A,YOON S,KIM S C,et al. A robust deep-learning-based detector for real-time tomato plant diseases and pests
recognition[ J]. Sensors,2017,17(9) :2022 -2042.
PICON A, ALVAREZ-GILA A, SEITZ M, et al. Deep convolutional neural networks for mobile capture device-based crop
disease classification in the wild[ J]. Computers and Electronics in Agriculture,2019,161:280 —290.
LU Y,YI S,ZENG N, et al. Identification of rice diseases using deep convolutional neural networks[ J]. Neurocomputing,2017,
267.378 - 384.
RANGARAJAN A K,PURUSHOTHAMAN R,RAMESH A. Tomato crop disease classification using pre-trained deep learning
algorithm[ J ]. Procedia Computer Science,2018,133:1040 - 1047.
KAMILARIS A, PRENAFETA-BOLDU F X. Deep learning in agriculture; a survey [ J]. Computers and Electronics in
Agriculture ,2018,147(1) .70 -90.
TR BRIE I, A A8 5 SET BT A 2K A/ N TR IR Se [ 1/ OL . Al WA 241 ,2019,50(3) : 144 — 150.
ZHANG Lingxian, CHEN Yunqiang, LI Yunxia, et al. Detection and counting system for winter wheat ears based on
convolutional neural network[ J/OL]. Transactions of the Chinese Society for Agricultural Machinery,2019,50(3) ;144 - 150.
http : // www. j-csam. org/jcsam/ch/reader/view _abstract. aspx? flag = 1&file_no =20190315&journal _id = jesam. DOI; 10.
6041/j. issn. 1000-1298.2019.03.015. (in Chinese)
HASAN M M,CHOPIN J P,LAGA H,et al. Detection and analysis of wheat spikes using convolutional neural networks[ J].
Plant Methods,2018,14(1) :100 - 113.
THEE, A2, L&, ST CONN P2 R 4% 59/ A2 R 58 38 00 i e Al [T ] & iRl 2% ,2017,38(24) ;283 - 287.
YU Chongchong,ZHOU Lan, WANG Xin, et al. Hyperspectral detection of unsound kernels of wheat based on convolutional
neural network[ J]. Food Science,2017,38(24) :283 —287. (in Chinese)
BTN IE S BT IR B AU 42 R 45 04 /N 2 iR R G R I R 2RO IA [T ] W ORI A 4R, 2019,31(2) -
315 -325.
JIN Xiu,LU Jie,FU Yunzhi,et al. A classification method for hyperspectral imaging of fusarium head blight disease symptom
based on deep convolutional neural network[ J]. Acta Agriculturae Zhejiangensis,2019,31(2) :315 —325. (iin Chinese)
AR M, RS G55 S S NN I/ NEASE R T i [T ). o - 58441 ,2017,31(8) 11297 — 1303.
YU Le,WU Chao, WU Jingzhu, et al. Identification method of unsound kernel wheat based on hyperspectral and convolution
neural network[ J . Journal of Electronic Measurement and Instrumentation,2017,31(8) :1297 —1303. (in Chinese)
FE R AR B 2 Bl 25, GB 1351—2008 /A2 [S]. dbat . v [ AR i th hi At ,2001.



