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Abstract: [Objective] Rice sheath blight is one of the three major diseases in rice production.The convolutional neural
network which stands out for automatic identification of rice shealth blight can compensate for the lack of human
identification. To solve this problem and prevent diseases deterioration, accurate identification of diseases types is of
great significance. [ Method] The convolutional neural network method was used to recognize rice sheath blight and
compared with the recognition method based on support vector machine. [Result] The convolutional neural network
method showed the recognition rate of 97%, better than that of support vector machine(95%). [ Conclusion] The
application of convolutional neural network to the identification of rice sheath blight is feasible and makes up for the lack
of artificial recognition. The model trained by this algorithm has great recognition performance.
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Table 1. Comparison of recognition algorithm results. %
FEAR IERR R 26 H—IR IR H=IR LR/ E RN/
Correct recognition rate of samples First Second Third Fourth Fifth
BIAMZM 4 CNN 100.0 95.0 92.5 97.5 100.0
IR EAL SVM 97.5 92,5 90.0 95.0 100.0

®2 HAEERERGESH

Table 2. Comparison of recognition algorithm results analysis of variance.

WU Bk PURIEe KA T3y I %
Recognition algorithm Observation number Sum Average Variance
17 1: BERMEZM4 Rowl:CNN 5 4,850 0.9700 0.0011
17 2: CFFHEL Row2:SVM 5 4,750 0.9500 0.0016
%1 1: 55—k Columnl:First 2 1.975 0.9875 0.0003
%1 2: % — Ik Column2:Second 2 1.875 0.9375 0.0003
% 3: %=X Column3:Third 2 1.825 0.9125 0.0003
Hll 4: FEPUK Columna:Fourth 2 1.925 0.9625 0.0003
% 5: 5K ColumnS:Fifth 2 2.000 1.0000 0.0003

*3 HANEEGEREEENRZSN

Table 3. Comparison of recognition algorithm results two-factor without replication analysis of variance.

ZEFUR BZET I 1 i 75 PR LRAINI TR FEARR FE R AR 7R BT R F IR SE
Difference source SS df MS F P-value F crit
1T Row 0.0010 1 0.001 16 0.0161 7.7086
%1 Column 0.0102 4 0.002 41 0.0017 6.3882
%2 Deviation 0.0002 4 0.0000625
Rt Total 0.0115 9 0.00006

HRAERR 3 AT F>F Il S, 9F H P>0.01, P<0.05; PUMHELE R CNN 4525040 SVM 452 R % .
Given F>F crit and P>0.01, P<0.05; the result of the recognition algorithm CNN and the result of the SVW are significantly different.
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AT f KPR D A BB O, RN b v it 24 4 £t
YHE, WOMERTG Y. AT KRS, 1R
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IEE] 97%, LT SVM X5 5 EUE R 1) 95%.
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