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Abstract: [Objective] To realize intelligent diagnosis of maize leaf diseases with similar spots and
complicated background in real field conditions by introducing and improving a regional convolutional neural

network algorithm, Faster R-CNN. [Method] We obtained 1 150 maize leaf images with complicated back-

i B EA:2020-08-12 W48 E & RTiE:2020-10-19 09:07:21

P 4% B & HbiIE: https://kns.cnki.net/kems/detail/44.1110.S.20201016.1713.004.html

TEZ /N mm (1993—), ¥, W54, E-mail: 15099324673@163.com; @544 : A&F (1973—), ¥, #i%,
4, E-mail: linkzhou@163.com

HeWB:#i2pE R a6 R AAMGFA L (XI2019G033); B R &K £ 6374 L9 %43 %) (201810755079S); #7352
Y5 R A5 R KoL T A #4 £ AT 3R] (2018xs01)


mailto:15099324673@163.com
mailto:linkzhou@163.com
http://dx.doi.org/10.7671/j.issn.1001-411X.202008022

ARG, 25 - T S0t XSG AR 22 00 2% 1147 FH i) S K 8 5 R

83

ground for nine kinds of common diseases from maize field and public dataset websites. After manual annotation
of the original images, offline data augmentation was used to enlarge the image data. The Faster R-CNN
algorithm was introduced and improved for adaptive application by adding batch normalization processing layer
and introducing center cost function to improve the identification accuracy of similar disease spots. We used the
stochastic gradient descent algorithm to train and optimize this model. Four pre-trained convolution structures
for feature extraction were selected and compared in Faster R-CNN training and testing to get the most optimal
model. During the test, the trained model was used to select test sets under different weather conditions for
comparison, and improved Faster R-CNN was also compared with unimproved Faster R-CNN and SSD
algorithm. [Result] In the framework of improved Faster R-CNN, VGG16 convolutional feature extraction
network had better performance than others. The testing image data set was used to verify the model performance,
and the average precision of final recognition result was 0.971 8, the average recall rate was 0.971 9, F1 was
0.971 8, and the overall average accuracy reached 97.23%. The recognition effect under sunny conditions was
better than that of cloudy conditions. The average precision of improved Faster R-CNN increased by 0.088 6 and
the detection time per image decreased by 0.139 s compared with unimproved Faster R-CNN algorithm. The
average precision of proposed method was 0.042 5 higher than that of SSD algorithm, and the detection time per
image decreased by 0.018 s. The results indicated that the improved Faster R-CNN algorithm was superior to
unimproved Faster R-CNN and SSD algorithm in the field of intelligent detection of maize diseases under
complex field conditions. [ Conclusion] It is feasible to introduce improved Faster R-CNN algorithm into the
intelligent diagnosis of maize diseases under complex field conditions, and it has higher accuracy and faster

detection speed, which can avoid the subjectivity of traditional artificial identification. The proposed method

lays a foundation for precise prevention and control of maize disease in field environment.

Key words: maize disease; complicated background; data augmentation; regional convolutional neural

network; batch normalization; mixed loss function
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Table 1 Profile of sample images for nine types of diseases

o 4T — J?\Zl‘ﬁﬁﬂk%&. B R A SR o
Disease name Pathogenic name Number of original ~ Number of augmented Label
samples samples

RIEBE Anthracnose leaf blight  Glomerella graminicola Politis 107 856 ANTH
HAAFEER Tropical rust Physopella pallescens 115 920 TRT
R /7457 Southern corn rust Puccinia polysora 130 1 040 SCR
@59 Common rust Puccinia sorghi 142 1136 CR
/NPES Southern leaf blight Bipolaris maydis 150 1200 SLB
MB35 Phacosphaeria leaf spot Phaeosphaeria variiseptata 120 960 PHLS
240 Diplodia leaf streak Stenocarpella macrospora 116 928 DLS
¥ 5t Physoderma brown spot Physoderma maydis 128 1024 PHBS
K¥EJ Northern leaf blight Exserohilum turcicum 142 1136 NLB
it Total 1150 9200
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Fig.1 Original image and data augmented images
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Table 2 Performance of different feature extraction networks in shared convolutional layer on testing dataset

RFE SR 25 2 7Y T IHERA /% FABK PR AT I FERS /s
Type of feature extraction network Average accuracy Detection time per image
AlexNet 91.73 0.243
VGG16 97.23 0.278
ResNet50 88.97 0.437
ResNet101 86.03 0.572
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a: RBE
a: Northern leaf blight

b: Common rust
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Data in the figure are recognition probabilities
B3 KBEmRAEBSEHRANSER KA

Fig. 3 Example of recognition results of northern leaf blight and common rust
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ANTH, TRT, SCR, CR, SLB, PHLS, DLS, PHRS and NLB represent Anthracnose leaf blight, Tropical rust, Southern corn rust, Common rust, Southern leaf
blight, Phaeosp haeria leaf spot, Diplodia leaf streak, Physoderma brown spot and Northern leaf blight respectively; The darker diagonal values in figures
represent the number of correct classifications and the recall rate of each category, respectively
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Fig. 4 Confusion matrix analysis of the classification results of testing dataset
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Table 3 Statistical parameters from the confusion matrix analysis of testing dataset
2 ¥ Parameter ANTH TRT SCR CR SLB PHLS DLS PHBS NLB

K% 5% Total number of images 856 920 1040 1136 1200 960 928 1024 1136
FH 43X 51 2% Number of positives 171 184 208 227 240 192 18 205 = 227
9 14 30035445 5 Number of negatives 1669 1656 1632 1613 1600 1648 1654 1635 1613
TR IER IEFE A True positive 165 178 202 222 234 18 180 200 222
TOU 9 47 ) IEFF 4R False negative 6 6 6 5 6 6 6 5 5
TR IE SAFEAR True negative 1624 1611 1587 1567 1555 1603 1609 1589 1567
TR A 67 B SAFE AR False positive 8 5 3 7 4 4 7 6 7
17 2 Recall 0.965 0.967 0971 0.978 0975 0969 0968 0976 0.978
F& 1 Precision 0.954 0.973 0985 0.969 0983 0.979 0963 0971 0.969
ZEE TEM F8FR(F1) Comprehensive evaluation index 0959 0.970 0.978 0.974 0979 0.974 0965 0973 0.974
I HER 2 /% Average accuracy 97.23

1) ANTH,TRT.SCR,CR.SLB.PHLS .DLS,PHRS NLB%" % 4X & # Ji =+ 5% | #4559 | i 77 45 9%

Joa B B B BE I e K BRI

EB 4R B e BE

1) ANTH, TRT, SCR, CR, SLB, PHLS, DLS, PHRS and NLB represent Anthracnose leaf blight, Tropical rust, Southern corn rust,
Common rust, Southern leaf blight, Phacosphaeria leaf spot, Diplodia leaf streak, Physoderma brown spot and Northern leaf blight

respectively
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Fig.5 The loss curves of different classification and

detection algorithms varying with the iteration
number
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Fig. 6 The precision curves of different classification and
detection algorithms varying with the iteration
number
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Table4 Comparison of the detection results for different
classification and detection algorithms

RGBS I FERT /s

RS i1 o
. . Detection time per
Algorithm Precision )
image
SSD 0.929 3 0.296
Faster R-CNN 0.883 2 0.417
233t Faster R-CNN 0.971 8 0.278

Improved Faster R-CNN
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