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Segmentation Method of Crop Disease Leaf Image Based on Color Mean Significant Point Clustering

ZHANG Shan-wen,ZHANG Qing-qing, QI Guo-hong ( SIAS International University ,Zhengzhou University ,Zhnegzhou, Henan 451150)
Abstract The segmentation of crop disease leaf image is an important step in disease type recognition method,and its segmentation effect di-
rectly affects the subsequent recognition results.Because of the complexity and diversity of disease leaf images, many existing image segmenta-
tion methods cannot be effectively applied to crop disease leaf image segmentation. Aiming at the difficult problem of leaf image segmentation in
complex natural environment,a method of diseased leaf image segmentation based on color mean salient point clustering is proposed.This meth-
od is based on HIS color space.Firstly , weighted undirected graph based on pixel HSI model was constructed.Then ,the color mean of the neigh-
borhood of the pixel of the diseased leaf image was calculated.The difference of the color mean of the two neighborhoods before and after the
point was calculated as the color leaping degree of the point. When the leaping degree was larger than a threshold , the pixel was a spot pixel.Ex-

perimental results showed that the proposed algorithm had higher segmentation accuracy and better noise immunity.

Key words

VEMDI I PG o B A 5 P 50 A Ak B g
AU B LA AR R SR R R AL B
PLar e SURA BT i 2 — . A RE E ARG H
DB A ARSI TR K 7 IR B R
KT R E B R G R RR A A 1 4 )
WA ARSI R B 20 U N T R A AU
o AP P R 0 S 2 AR PR AR P 3 R 10
1 34350 i A AR 2 R A R 05 S
PGS R TR Gt e PR AR B S 2 PR R, )
IO AR B PUB D R N1 — AN e B N TR (R R
BRSO 3 T R PRG3R I 1] R332 ) e TR
J7 ik, USRS @ 5 A R IL AN 7 1 b T 0 4
BrBr. VEMIRG I GAE iR F AR, RIVESR RERS B 42
TET  SEE R b ) o B4 T DX A 238 e, 2 TR DX
5 A 3 XIS BN I, Bl B, A SRR
AR BE DB OR B R o o T I K25 A A A X
FEBERAR , R A 3 X o B 3 — BB AR S 1 3 23, AT
SO o BN AR R o ASTRER 1) 20 KE 23 52 i 2] 5 S
FVUNRRTYE . P, 20805 i T DX A IE . %
DAk B SRR 8 S 2% 4, XE LT RGB. 882 25 [1] v 19 23 €4,
AR o
1 HERZIRETE

(RSO S —ZHAEAS Y, Y, e Y, 3 UL A R ]

Es£mAB R A RAFAALTAB (6147237) ;7 d 4 % F FAH L £
TR B (182102210544 ,19B520029,182102311094) .,
BB REL(1965—), 8, B\ mEA, 2z, M4, L4 55,

INFF BB AR LS AR,

WimBEE 2018-11-11

Disease leaf image segmentation ;Salient points; Color mean significant point clustering; Color leaping degree

BIEEH . XTEH m AR Y, KA EY, =---=EY, _ =a,,
EY, =---=EY =a,,H l<m<n, 24 EY,=EY,---=EY, B}, T
EHro Ma #a, Y, HAHRER, la,—a, 128 Y, HIBREREE
TEARZR I i R R RBRI T BB R AN Y, Y,
oY, R R BE (R, HIRMA ST TE A0, W) 2
B2 1 AR R SRR AT RGN .
Yi:ﬁoﬂ;i,lsi&k* o
oFAte, kT +1<i<n
A, k7R A NHT AT MERAIE, A MR R
Y, Yy, Y, TR kT RSSO B, PR O BREE , B Bl AL R
% ey, 8, WWIERME 0 )5 258 o AT IEZS S04
TESE 35 SR rh e S 3 Fh4{H .

P
pl=-3, (2)
D

Mm—ﬁ,z%lyi (3)
~ 1

p=—-2Y, (4)

2, " R kMR, ARSI, ) MR
n—k AMEZEREAE, PRI B, 1 WA n MR,

HH kAR EBRERE 8(k) ,

5(k)= |IA’«(M _/~A’v<a> I (5)

A kTR 8(kT )= max|8(k) | U k™ Az X I (9 5
T

o B AR Z R SR 3 AN IE Y 3 1
T o TEEUGIRBERHN h , 7T LA 76— DX B (0 A 1k



47 %10

RELF ATREHHEIFEREGEDHRE TR BRI F % 229

14 s 0 L B BRI AR 3R o ORI P A 15
UM RCB B K BEAEL, MOKF-J5 1) e B ) S50 A 46
7 1) SR FET5 1 BOWIN (E TS BREE , ] 1 s

5

rd

B1 #A#EFETEE
Fig.1 Sketch map of scanning direction
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Fig.2

Comparison of the segmentation disease spots by five segmentation methods
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Table 1 Comparison of the segmentation accuracy of different
methods

eSS SR X A B 5Y
Iy ETk iR HEHEE HHs i)
Segmentation Class average Average Single image
methods accuracy area overlap segmentation

% % time //s

SVM 96.103 95.150 0.45
K-means 95.142 94.243 0.36
Otsu 95.172 93.296 0.29
W T 12
Method of 98.019 97.204 0.24

this research

4 i

VRRSEASSE3 11 0 2 A AR T R
IS, B T — B TR R SR R e 1%
GV, WP HIIS 516855 110 3 A4t e ST Bk
BRI i M7 (940 A EIRREII 9, STRss A i
H B 53 IS SRR HE e S %5 O LR 075
P, BT RS A S AR RS

FIONFT T RLAr A
S 30k

[1] ANGULO J.Geometric algebra colour image representations and derived to-
tal orderings for morphological operators—part I;Colour quaternions [ J].
Journal of vision and communication image representation,2010,21(1) ;33
-48.

(2] SR, Bt 2R, S A ST AT RIS S a2 AR R
GRS ] R EA T SR 5441, 2014, 26(7) : 1060
—1066.

[3] RHER, BEER, REE E TR 7K IR A H 1R 6 53
[J].H£4%,2011,39(5) - 1007-1012.

(4] 2250, 15, ZRIEsC BTt /KIS R S8 5 T AR 6 (=155 1)
LB TR SATT,2014,35(7) :2458-2461.

(5] bk, T, FEREsA BT PRid 7 KISHT FLICM kSR iy =l 5554
TSR] RS, 2017,36(17) :49-51,58.

[6] THEOHARATOS C,ECONOMOU G,FOTOPOULOS S.Color edge detec-
tion using the minimal spanning tree[ J].Pattern recognition,2005,38(4) ;
603-606.

[7] Z=pbP}, sEAEL AT HST 23 [AR1 K-means J57ERR (& KR EI Bk
[J] ke 5 515401,2010,27(7) :121-124.

[8] KONISHI S,YUILLE A L,COUGHLAN J et al.Statistical edge detection;
Learning and evaluating edge cues[ J ].IEEE Transactions on Pattern Anal-
ysis and Machine Intelligence ,2008,25(1) :57-74.

[9] EVANS A N,LIU X U.A morphological gradient approach to color edge de-
tection [ J].IEEE Transactions on Image Processing,2006,15(6) ;1454—
1463.

[10] Jlama, Rk, X TAR, 5 2 T/ AR AT B M (R s

PGy EILT ]RGS EARREERR) ,2015,43(9) :1406-1413.

(1] EsTk, FIiR, BUSE50, % 56T SVM i s B I L By 42
BT )] Ae#2#412,2014,4(6) :101-106.

[ 12] ZBRKES , Whhid, 5200, . 25T Lab 23[A)R] K—Means S 53]
BRI ] AN UETFST ,2015(9) :222-226.

[13] RADZALI M H,KAMAL N A M,DIAH N M.Measuring leaf area using
Otsu Segmentation Method (LAMOS) [ J].Indian journal of science &
technology,2016,9(48) :1-6.

[14] LONG J,SHELHAMER E,DARRELL T.Fully convolutional networks for
semantic segmentation [ C ] // Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition.Madison , WI.IEEE ,2015.3431~
3440.

(L#% 186 ®)

5 BRWHLY
Fig.5 Eggshell broken solid

5 it

i1 SolidWorks AT ELA AR X 48 2wl J7 (8 KN,
BOE ARG 3, e G T 32 bk 12 AR, B e
P, vhils T34 K, A Je e ok 1 A X A AR 05 I il e e
IKF 150 v/min B, REAS SCHAG 72 BB . BE 48 25 J i

I, 7 EAG AN 10 N 7247 57, A BEBUSE L 13 B2 34
Heo R, ST AR 5 BRBE LA DU A8, AT DL 5E B
A FCRREANRG S , A AR R B S B 5 E Bk %t
FERT LA A TF R A" SR AR S %

S 30k

(1] FF5el ST, 2o, S5 G R SO SR G R il % ey
SLUERIT ] BRT AP, 2019(4) :55-57.
(2] sy, AR, (T SRS E R T A S 50471 T ] ARt T, 2019

(3) :6-9.
(3] FME, PRIERE, 2SR UMIREE M ] b a: s & ki, 2008275~
276.

[4] B, SRfBEEFET SolidWorks T THEEAEEAC SEsh (5 EL ) ] HUMHT
5 R, 2018,31(4) . 7-9.

(5] #ESIEE, 430, BRI SC NIARRRAY Hertz $Efil) R EVES T T ] LM
YRS, 2017(8) :28-30.

[6] % ulée, XL, P, S5 2L TSR E T 5 B A EHIE S 502 W
[J].PE2AtPH R4, 2013,18(5) :70-72.

[7] BtBeE, HHZ Solidworks Motion E £ ELZAR M ] AL ST WAL Tl
i, 2014 .66-67.

[8] &H—Jp W, P, 5 25T Solidworks B4 AIH LARRZEFFAUARIEE)
R T RS T R4, 2018,36( 1) :119-123.

[9] B, A4 RE WG E ST OMEIR [ ) 4R BHA A RS S L R IR,
2002,19(4) :10-14.

[10] /IMEA10 FRphIHER G [ 1] PR 25 ,2017(6) :38.



