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Abstract. Early blight disease is a common disease of greenhouse tomato, which seriously damages the
yield and economic benefits. As affected by complex background such as soil, ground, plastic film and
lots of overlapping green leaves in greenhouse, it is difficult to recognize disease from image of tomato
leaf. In order to provide a solution for such problem, an innovate tomato early blight disease spot
detection method of sliding window SVM (SW — SVM) was proposed. To enhance recognition accuracy
and stability, color and texture features included color moment (CM ), color coherence vector (CCV)
and rotation invariant co-occurrence among adjacent LBPs ( RIC — LBP) features were introduced, and
CCR —SVM (CM + CCV + RIC — LBP + SVM) classification model were trained by using RBF — SVM
with the extracted color texture feature ( CCR) from the training samples. Meanwhile, for supporting
small region data set and to fulfill recognize performance under complex environment, original images
were divided to small region images by applying sliding window. And small region images belonged to
early blight disease spot, healthy leaves and ground background were selected and divided into three
catalogs as training samples. To verify feasibility of the proposed method, offline and online experiments
were conducted. For offline classification performance, cross validation average recognition rate was
99.55% and recognition rate for testing data set was 96.97% , and average testing time for a single
sliding window image was 0.004 s. For online detection performance, the results showed that the
proposed method can realize average accuracy rate for the original images with 86.39% , average

detection time of single sliding windows image with 0. 073 s. For rotated images and pixel value adjusted
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image data, average accuracy rate was 88.98% and 92.59% , respectively; average error recognition

rate was 12.71% and 16.44% ,

respectively; average missing recognition rate was 10.93% and

7.41% , respectively; and average disease detection time of single sliding window image was 0. 075 s and

0.074 s, respectively. As a conclusion, the offline and online experiments results showed that the

proposed method of CCR — SVM realized high accuracy and low memory requirement, which could

provide real-time solution for tomato early blight detection in greenhouse.

Key words; tomato; early blight disease; greenhouse environment; online detection; color texture

feature ; support vector machine
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Fig.1 Samples of tomato early blight disease leaves
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Fig.2 Matchstick graphs of color moment feature of training data set
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Fig.3 Matchstick graphs of color coherence vector feature of training data set
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Fig. 4 Matchstick graphs of color incoherence vector feature of training data set
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Fig.8 Annotation samples using sliding window for online test
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Fig.9  Overall architecture of online diagnosis system
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Fig. 10 Labeling diagrams of large angle rotation samples for sample 1



132 K&k ML M ¥ R

2021 4

(a) M4 fi 4 1°

(d) I FHERE 1°

L1 RS 1 /DN BEE e o 1) 98 68 v T ] 8 191

Fig. 11

RS BX1IAEEERETIRAMRET L
Tab.5 Comparison of experimental results for

different rotations of sample 1

B 1R
o PURER IR TR .
WL RE A SRR
%/ % /% %/ % i
Hsf 8] /s
% 1 91. 67 16. 67 8.33 0.071
1° 81.82 12.50 18.18 0.075
20 90. 00 10. 40 10. 00 0.077
) 3° 92. 31 16. 67 7.69 0.075
JUGE B} - i A
80. 00 8.33 20. 00 0.075
180° 100 6.25 0 0.071
270°  92.31 12.5 7.69 0.073
1° 92. 30 18.75 7.70 0.076
W ER 2° 90. 00 14.58 10. 00 0.077
3° 80. 00 10. 42 20. 00 0.077
SE A5 {5 89. 04 12.71 10. 96 0.075
3 it

(1) bR A2 A2 52 B 3 7 7 52 g 7 223 1)
SE AL, MRS T AR BT Hp 20l i AR AR R
= I RS R VI 1 5 AR 00 O R 0
Rt 1 3 2K

(2) % GRS 7 b i A OB IR AR L 51 R
Y P 22 5, 0 0l SR e e e 9 o % 3% {55 T Xt
AR o AR AR SCT5 vk A O B B R S 5
3 590 % Tt PR B B AU 3 PR (A Ol B A o
Je BEAB) 2R T3 3l i 10 s D A 00 9 B, 7L 8 0 F 24
TR HE G R 43 91 N 86.39% 88. 98% 11 92. 59% ;-

(b) JmH ek 20

(o) 413

(e) I ETfiElk2°

Labeling diagrams of small angle rotation samples for sample 1
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Tab.6 Comparison of experimental results for

different brightnesses of sample 1

s W A (R
PRI
HUBER =N R/ %% UIE VA & oSl
% % It ] /s
% 1 91.67  16.67 8.33 0.071
20 14% 91.67  16.67 8.33 0.077
. 40 2% 83.33 8.33 16. 67 0.073
REBOH 60 2% 100 16. 67 0 0.070
80 %% 100 16. 67 0 0.077
20 142 100 12.50 0 0.077
) 40 13% 91.67  18.75 8.33 0.074
REAmE 60 122 91.67  22.92 8.33 0.076
80 {42 83.33 18.75  16.67 0.073
Sy 92.59 16. 44 7.41 0.074

®T ETEAXFEHNNXEGERAIHER
Tab.7 Online experimental results for four testing

labeled images

o PMER R, IR, R
WA A . N
R/ % % % R EEE] /s
FEA 1 91. 67 16. 67 8.33 0.071
FEA 2 80. 00 0 20. 00 0.072
FEA 3 87.50 0 12.50 0.076
X1 86. 39 5.56 13.61 0.073

PIiRiR s %4 5 K 5.56% 12.71% F1 16. 44% ; -
PR =4y Bk 13.61% 10.93% F1 7. 41% , 4%
K] CCR - SVM HRAIE R 228 5 T HA KL
s B R 0 6 BE J1 o S B it PR AR DR TR Dy
0.073.0.075.0. 074 s,
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