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Recognition and Localization Method of Tomato Based on
SOM — K-means Algorithm

LI Han' TAO Hanxiao' CUI Lihao® LIU Dawei’ SUN Jiantong' ZHANG Man’
(1. Key Laboraiory of Modern Precision Agriculture System Integration Research, Minisiry of Education,
China Agricultural University, Betjing 100083, China
2. Key Laboratory of Agricultural Information Acquisition Technology, Ministry of Agriculture and Rural Affairs,
China Agricultural University, Beijing 100083, China)

Abstract; A method of tomatoes segmentation based on RGB — D depth images and K-means optimized
SOM neural network was proposed, aiming to solve the problem of automatic recognizing and localizing
difficulties caused by fruits overlapping and adherence. Firstly, the contours information of the fruits was
obtained from preprocessed images taken by an RGB — D camera. Secondly, two-dimensional information
and depth information of the points of contours were filtered and processed. Thirdly, the processed
information was used as the input to the SOM neural network optimized by the K-means algorithm for
training and a model for the point cloud clustering was established. Finally, the position and contour
shape of each tomato were obtained. To verify the performance of the algorithm, the correct rate and the
root mean square error of the fruit recognition results was used as evaluation indicators. Totally 80
pictures containing 366 tomatoes were taken as the sample, and accuracy, precision, sensitivity and
specificity were taken as evaluation indicators. The correct rate was 87.2% , the root mean square error
was 1. 66 mm. It was proved that the method had higher accuracy and better robustness compared with
the method for two-dimensional images based on Hough transform. This method solved the problem of
occlusion of tomato fruits in real environment to a certain extent, and provided a new idea for combining
the three-dimensional coordinate information and self-organizing neural network for fruit segmentation.

Key words: tomato fruit; depth point cloud; image segmentation; neural networks; recognition and

localization; SOM — K-means algorithm
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Fig.1 Test tomato image
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Fig.2  Flowchart of fruit recognition and localization
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Fig.3 Test image depth map
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Fig.5 Flowchart of SOM — K-means algorithm

AT AR AT (19 7 0l 8 B L ) KR O — A 3
MICRM— L i (x, y, 2)  Hd,a Fly g 487
b s AR AR, 2 TR TR T s TR BE . Xt
AN R MEEAT AR B, K xR — 2R
P 2 M — 28R, P Ak B % Bl g A 31 ek
PG (9 SOM i 8 o 45 ot , 1T SOM — K-means 5.
W A B AR b 0 SR 58 A A RO A8 B L T A S
OrIREIR o FHARYE Sy A5 IR, X 26 i SR A/
TS LT B 15 3 8 R Oy f 15 B B 45
AT il SR SR
1.2.4  ROETEREVEOY

2 B IR FRAT S REAS 2 A it DU 25 AR, Wk i R
A E AL A5 R AT 3BT o AR 1B 30 5 1 AR TR 3
A B 5 1 S s 7 RO A AT S R AN U A5 R
Ao SR S S B A AU B A LR X SR S
(LA BE AT VA

TESS R AT M b, 1 S Hs FAR 0 R PIL A B 2 e 40
it AR AR A AR5 S AT F A, i R
45 R E ARG BE AT IR o

Xt F U S5 A B PR, e PR T S B AR
S80 AR U et A O T TR 3 A A L IE A



513

A€ 4F . HET SOM — K-means 53k 1 3 il SR S U 5 € (0 05 15 27

P FE 0 A B R DR U B A B A b, B
0 11 [52 Ay B0 U3 ) 7 oa e JEE ARk 1L A 1 L
BRIV ] P o [ A B, T A U 0 3 5 A BORD S &
Hh S B AR B 5 S0 R 7 5 SR s A R R 1R 22 43 3
At 5.00 mm 1 3. 00 mm F B4 B AL, 45 1R R
590 7 50 A 3P Sy el e 0 [ A B 5 S B b R S
PR RIR 015 22 43 5 K F 5. 00 mm Al 3. 00 mm 1) 35
R K . H IE B TR A 7 5B S B T i AL
N Ra A TR 1A i NTER 7 e 9

Xt DR BE 0 50, BE AIL Al 2 2t R Y S
FEAS 38 1 55 SE PR 3 i 2 42 AU A AR B AR T
I B B O AR R 25 O Y w25 L7 2 R ket

W
2 KABEREDW

MR R 1 S B BL I B 80 I 1 A AR AR, 4 1
BZ AR 4 7 ih 8 52 19 2508 A RCSH Al D43 3 600 ~
2000 ME B Ao A SOM — K-means 5535 % H 4b
PR G, Ge vt iR 45 S R A R R Ok i Oy ik E AT
VAR o 5 G0 T AT AT a0 Y v A R R R
RE K5 4 NIRRT 1 1 T FE 1
155017
2.1 EBLBSHERSE
P A5 30 A 38 3o 2 e g o ) AR AN 181 6 T s

) MR

(c) & (d) RIFES
6 R BAb Bl A b i) o R

Fig.6 Intermediate image during image preprocessing
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Fig.7 Clustering results of fruit contour point cloud
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Fig.8 Tomato fruit recognition result
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Tab.3 Tomato fruit recognition results of comparative
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