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Corn Disease Recognition under Complicated Background
Based on Improved Convolutional Neural Network
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Abstract: Aiming to solve the problem of difficulty in disease recognition and low application rate of
recognition model in complex field environment, a corn disease recognition method based on improved
CNN was proposed. The influence of data set size and quality on the performance of disease recognition
model was discussed. The complicated background images were used and preprocessed by using
augmentation, background removal, local fine segmentation and normalized processing methods. Then the
CNN structure was designed by using five convolutional layers, four pooling layers and two fully
connected layers. The L2 regularization and Dropout strategy were utilized to optimize the network. The
results showed that the optimized model achieved an average precision of 97. 10% implemented in nine
kinds of diseases images with complicated background, which was increased by 9. 02 percentage points
than that of unimproved CNN method. Compared with the model with original sample, the average
precision of the model trained with augmented data was increased by 28. 17 percentage points. The
removal of complex background can eliminate the influence of environmental noise on the model, thus the
performance can be further enhanced, which reached an average precision of 97.96% . After the local
fine segmentation of data set, the average precision was raised up to 99. 12% . These indicated that CNN
needed a large number of representative and high quality training data to identify the target feature. On

the basis of improved CNN, a corn field disease recognition system based on mobile was developed,
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which achieved 83.33% recognition accuracy when verified by experiment in the field. The research

could provide guidance for disease recognition and precise prevention and control in corn field.

Key words: corn; disease recognition; improved CNN; complicated background; mobile recognition
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Fig. 1  Partial samples of diseased images
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Tab.1 Profile of samples after preprocessing

- ﬁﬁé#ﬂ: iiﬁéi{ﬁé’a éﬂiﬁféé@ b
Bt FEARGE R EOR

I 66 396 2261 0
T 55 68 408 7983 1
T B 90 540 32054 2
BER 102 612 7132 3
INBE 108 648 29 863 4
B BE I 84 504 7652 5
B 70 420 3731 6
) BE 96 576 11 060 7
K BES 92 552 1642 8
it 776 4656 103 378

Xof A5 R 22 I 2 11, N AR A B I — Ak R
R R EK , BE A8 By 1k B R AR AR 0 I £ i
o AEA I — A i R PR R A I E
M % o i5E BN

w=—H (1)
Jol+a
K« B MMEERA LR NBRERE
a KT 0 W INEE ARUES B R T 0

1.3 SRMEMENE

CNN 2R 27 o) j 2 0 2 — il g AL
i 45 ) Ok 2 2 R AR 1 A 5 2 T R AR S
%, CNN EZA & AR BRI R bl

F x256 BEMSI2 QR x 512 BREAE R A KB
HEATXF L9250 . BIRE S RBRE R T LR EMER G R
rh R PR £ R, DA AR AL R )1 Zhad B b AR S i B H
s DX R AIE A BB IO 2] o UG Al 43 2 R R
JE ey o 74 40 S A A R 0 8 s ) S bR X 3 1
BNEMG o X R AR HE AT A 43 ) S A R AN
B2 TR, it G HE AT Ak BRS04 A B0 S b 7
TEHMEE 1 iR,

(h) /MBS
2 JEUA AR AR B AN o3 R R

Fig.2 Diseased spots minimized segments images of original sample
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Fig.3 Schematic of disease recognition application based on CNN
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Fig.4 Interface of mobile phone recognition system
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Fig.5 CNN performance comparison curves before and after optimization
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Fig. 6 Example of identification results
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