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Detection Method of Citrus Based on Deep Convolution Neural Network

BI Song GAO Feng CHEN Junwen ZHANG Lu
(College of Electrical and Control Engineering, North China University of Technology, Beijing 100041, China)

Abstract; Citrus detection and location is the foundation of citrus automated picking systems, in light of
the outdoor natural picking environment, a citrus visual feature recognition model was designed based on
deep convolution neural network with good robustness for typical interfering factors, such as illumination
change, uneven brightness, similar foreground and background, mutual occlusion of fruit, branches and
leaves, shadow coverage and so on. The model included a deep convolutional network structure which
can steadily extract the visual features of citrus under natural environment, a deep pool structure which
can extract high-level semantic features to get citrus feature map, a citrus location prediction model based
on non-maximum suppression method. Moreover, the proposed model was trained by transfer learning
method. Each raw image was segmented into several sub-images before citrus detection to enhance the
ability of multi-scale object detection, and reduce the computing time of citrus detection. A testing
dataset, which contained representative interference factors of natural environment, was used to test the
citrus detection model, and the proposed detection model had good robustness and real-time performance.
The average detection accuracy and the average loss value of the model was 86.6% and 7.7,
respectively, meanwhile, the average computing time for detecting citrus from single image was 80 ms.
The citrus detecting model constructed by deep convolution neural network was suitable for the citrus
harvesting in the natural environment.
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Fig.1 Network structure diagram of citrus recognition system in natural environment
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Fig.2 Training loss of transfer learning and

non-transfer learning methods
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and non-transfer learning methods

B TR S 25|
Wl > A 0.01 0. 01
3 0.9 0.9
ESES-a 0.0005 0.000 5
R EREL 8 8
2 000 #EYNLJE2p 3 & 0. 001 R I ik

A28 2] AR 2 5 I ARV SRS 500
[F], W1hh2% 2] 0 0. 01, B R 0.9, % 2 BN
0.000 5, BN ZR EIG 550 8. 2 000 %8255,
RS2 2 2 2] R 2, B A R et . ARl T

P f 2] 1 I 28 1 3K 21 B dme fI0 i, BT PR A 2 >
WIFAREME AR 210 R R TR, 1A%~
FIARIE RS 7 A W GRT7 0k 5P 20k kA [l
SFEJUER AR UNGE 2 PR
*2 EBEISEIBEINISEER
Tab.2 Training results of transfer learning and

non-transfer learning methods
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Fig.3  Test results of transfer learning and non-transfer
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Tab.3 Experimental result of citrus using DPM
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under natural conditions

REER Ty PN, HAEIE LIS, B Sh b
1.2.3 MREAS A7 78 BH 5 78 56 i B | A SO PR MK ok
AL SIHIAE B A5, B 5 w3640, g e
FEANOA 5 TR th AT B R AR Ak, A o7 e & ]
A PR A AR B (0 TR A B4 X R R A
SIFT $AEIS 2 HOG FRAERUR 55 25, (Bl AR SOy
YR HER IR AT . BEHERR H ARG i TR &%
fEoR 22, B 6 f5 B ik K 2 91 &R R o) 7 5,
Bl S5d i FERTTY ARG B0, A4 B LT A
B0 e il ok — %, [) B A 1A o B AR Ak B e 7 a6
ENGEMATAE . AR SCHT T A B T 54 1 3K
B H AR BISOR R 2 SRR TOU 475 a] ik 5]
0.8, 2K25 580 TP, HEl S PLUHIZE SRR, A SO
NI Z S S R A i g Sl N 5 e 7
SRR 0 SR R ST 2 448 123 x 2 448 12
EN R R CEEXCS o N 2 N S R LA SR 5 95
4 AT ST TS, FEIRSE A 1000 83 x
1000 22, N B+ B 46 7 2 416 18 & x
416 18, RS BUR IS PUN S R A st Bl 2
REEEMGARS] . A SCRTE T HTAE B bR s s
938 - A M i7 — 6850K CPU, Nvidia GTX 1080Ti
GPU, N7 32 GB,, TH5IASF ] Sk MK 5 508 A 4 i
T EKG 4 05T EUN S5 SRR G — i e R
TEs SR B R] 225, 1 000 M EE ST 241 51
W 12,5 Wi/s, PR R AT R0 SR
REAZ T 2 SEBR A S Ak R AW 19 H R RN 2K

4 4k

(1) BT FE TR B 4 R 22 R 25 O AR I B
VORI G AR AL 8 JEAN ST R AL SR 52
RS R LY | 5 4 i 2 S PR SR AW PR R R I



186

& Ak MO ¥ 2019 4F

THHR R HE L BA RFOEEME, T 27 86.6% ,FRHA N 7.7, i KA M Hh 93%
R PLE N HR S TYEERE M BT RERE 1 A SRR BT T AT

(3]

[4]

(5]

[12]

[13]

[14]

[15]

[16]
[17]
[18]
[19]
[20]
[21]
[22]

(23]

(2) AR SCTT XA U0 17 B R (i vERR A PRE AR H R BE

£ % x o

e NRIEFIEEZ G R, b EKCR 7 5[ R].2017.
SR, B % AR AF. ST AL JORAR A MRS VERTTE[ ). #iTE Tl R4 2012, 40(3) : 340 - 344.
ZHANG Shuibo,BAO Guanjun, YANG Qinghua,et al. Study on mechanical properties of citus bases on robotic harvesting[ J].
Journal of Zhejiang University of Technology, 2012, 40(3) :340 —344. (in Chinese)
EFHERWBE AARAE. SRR ALSE RG], Aol TA241,2017,33(10) :59 - 69.
WANG Dandan,SONG Huaibo, HE Dongjian. Research advance on vision system of apple picking robot[ J]. Transactions of the
CSAE, 2017,33(10) :59 -69. (in Chinese)
TRB, 2R RV, 55, B6 T Snake BERLS Ay RGN A SUR T80 2R B AR %1071 [ 1], Aol TR, 2015,31(1)
196 -203.
XU Yue, LI Yinghui,SONG Huaibo,et al. Segmentation method of overlapped double apples based on Snake model and corner
detectors[ J]. Transactions of the CSAE, 2015,31(1) :196 —203. (in Chinese)
FESCH Ay 7R, sE . FE T Adaboost S0 (Y I RIBRAEBE U 5 v6 [ J]. Aol T4 ,2013,29(23 ) 1140 - 146.
ZHAN Wentian, HE Dongjian,SHI Shilian. Recognition of kiwifruit in field based on Adaboost algorithm[ J]. Transactions of
the CSAE, 2013,29(23) ;140 — 146. (in Chinese)
ZHOU Rong, DAMEROW L, SUN Yurui, et al. Using colour features of cv. ‘Gala’ apple fruits in an orchard in image
processing to predict yield[ J]. Precision Agriculture, 2012,13(5) ;568 - 580.
BEHROOZI-KHAZAEI N, MALEKI M R. A robust algorithm based on color features for grape cluster segmentation [ ] ].
Computers and Electronics in Agriculture, 2017 ,142 .41 —49.
CHAIVIVATRAKUL S,DAILEY M N. Texture-based fruit detection[ J]. Precision Agriculture, 2014,15(6) :662 —683.
KURTULMUS F, LEE W S, VARDAR A. Green citrus detection using ‘ eigenfruit’ , color and circular Gabor texture features
under natural outdoor conditions[ J|. Computers and Electronics in Agriculture, 2011,78(2) ;140 —149.
RN T, P A S TOLIIC GBS R PRER B LA )] Rl TRE42,2014,30(24) :168 - 176.
SONG Huaibo, QU Weifeng, WANG Dandan, et al. Shadow removal method of apples based on illumination invariant image[ J ].
Transactions of the CSAE,2014,30(24) :168 —176. (in Chinese)
TSR N SOR, H A0, 25 TG R AT I E B A U [ J/0L]. AU ,2012,43(3) :157 - 162.
XTANG Rong, YING Yibin, JIANG Huanyu, et al. Recognition of overlapping tomatoes based on edge curvature analysis[ J/
OL]. Transactions of the Chinese Society for Agricultural Machinery, 2012,43(3) ;157 — 162. http: / www. jesam. org/jcsam/
ch/reader/view_abstract. aspx? flag = 1&file_no =20120329&journal_id = jesam. DOI; 10. 6041/j. issn. 1000-1298. 2012. 03.
029. (in Chinese)
T R WA, A SRAHLAS AT T SR AL RO TR [T ] AOLA R, 2009,40(1) ;148 - 151.
WANG Jinjing,ZHAO Dean,JI Wei, et al. Apple fruit recognition based on support vector machine using in harvesting robot
[J]. Transactions of the Chinese Society for Agricultural Machinery, 2009,40(1) ;148 —151. (in Chinese)
BRI, Trse, D, A5 SR L s AAEBGgiS1E B AR PUNRIERTSE /0L . Ll L4 ,2016,47(7) .1 -7.
ZHAO Yuanshen, GONG Liang,ZHOU Bin, et al. Object recognition algorithm of tomato harvesting robot using non-color coding
approach[ J/OL]. Transactions of the Chinese Society for Agricultural Machinery, 2016,47(7) :1 —=7. htip: // www. jesam.
org/jesam/ ch/reader/view_abstract. aspx? flag = 1&file _no = 20160701 &journal _id = jesam. DOI: 10. 6041/j. issn. 1000-
1298.2016.07.001. (in Chinese)
LU J, SANG N. Detecting citrus fruits and occlusion recovery under natural illumination conditions [ J]. Computers and
Electronics in Agriculture, 2015,110.:121 -130.
ZEIRSE, B, (M. SRR B2 M e REKAE SR ORI B L [T ] Bl A 5 40, 2016,31(1) 1205 —212.
LI Siwen, LU Jiancheng, NI Shengqiao. Integrated convolutional neural network and its application in fruits and vegetables
recognition of intelligent refrigerator| J ]. Journal of Data Acquisition and Processing, 2016,31(1) ;205 —212. (in Chinese)
INKYU S, ZONGYUAN G, FERAS D, et al. Deepfruits; a fruit detection system using deep neural networks[J]. Sensors,
2016, 16(8) :1222 —1245.
HOU L, WU Q, SUN Q, et al. Fruit recognition based on convolution neural network[ C] //12th International Conference on
Natural Computation, Fuzzy Systems and Knowledge Discovery (ICNC — FSKD), Changsha, 201618 - 22.
KRIZHEVSKY A, SUTSKEVER I, HINTON G E. Imagenet classification with deep convolutional neural networks[ C] //
Advances in Neural Information Processing Systems, 2012 1097 —1105.
FRYE RN R B 2 W 8 e H LA E A R FABIF T iR [ ] Bl R 5 40, 2016,31(1) : 1 -17.
LU Hongtao, ZHANG Qinchuan. Applications of deep convolutional neural network in computer vision[ J]. Journal of Data
Acquisition and Processing, 2016,31(1) :1 —17. (in Chinese)
JOSEPH R,ALI F. YOLO9000:; better, faster, stronger[J]. arXiv:1612.08242[ cs. CV]
PAN S J, YANG Q. A survey on transfer learning[ J]. TEEE Transactions on Knowledge & Data Engineering, 2010, 22(10) .
1345 - 1359.
NEUBECK A, VAN GOOL L. Efficient non-maximum suppression[ C ] //18th International Conference on Pattern Recognition
(ICP—-R06) , Hong Kong, 2006 850 - 855.
FELZENSZWALB P, MCALLESTER D, RAMANAN D. A discriminatively trained , multiscale, deformable part model[ C] //
IEEE Conference on Computer Vision and Pattern Recognition. IEEE, 2008 1 - 8.



