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Remote diagnosis system of banana diseases based on deep learning
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Abstract: [Objective] To realize remote diagnosis of banana diseases. [ Method] Deep learning method was
used to diagnose seven common diseases of banana plant. A total of 5 944 images of diseased and healthy
banana plants were collected and divided into training set, validation set and testing set according to the ratio of
7 - 1 : 2. Transfer learning was used to train GoogLeNet which is a deep convolutional neural network for
obtaining the diagnosis model. A software system including a mobile application (APP) and a remote server was
further developed. [Result] By comparing different iteration times and optimizers, the model of Momen-
tumOptimizer with 10000 iteration times was finally selected, and the average test accuracy was 98%. The
designed mobile APP could acquire banana images in situ, and communicate with the remote server which was
integrated with a diagnosis model via the network to obtain diagnosis results in real time. [ Conclusion] The
disease diagnosis model can identify the main diseases with high accuracy. The online diagnosis system is
simple and easy to operate, it can diagnose common banana diseases online quickly and effectively, and

therefore it has a wide application prospect.
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Fig.1 Overall structure of the banana disease diagnosis system
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Table1 Number of sample images in each category g

G g

HIPR Original Data
Category . )
1mage augmentation

{E# i Healthy 130 1048
F AN Fusarium wilt 217 1736
7 #E M- PE7% Banana leaf spot 170 1360
7 FE R TI% Banana bunchy top 44 352
TR AW Macrophoma musae 86 696
FFE R JHJH Banana anthracnose 38 304
F# 1Y% Banana black blight 32 256
Fr #4555 9% Banana sheath rot 24 192
12T Total 741 5944
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Model training results using different optimizers with different iteration times
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Table 2 Model training time and average test accuracy

IEAEL fefes YIZKIY 8] /min P IRNE /%
Iteration Optimizer Training time Average test accuracy
5000 GradientDescentOptimizer 11 94.5
10000 GradientDescentOptimizer 22 96.0
50000 GradientDescentOptimizer 110 98.0
10000 MomentumOptimizer 23 98.0
10000 AdamOptimizer 21 97.8
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Table 3 Confusion matrix of model testing result

fERE AR AR A ORI AR A RO A AR SRR,

el , wit
Category Healthy  Fusarium  Banana Banana  Macrophoma  Banana Banan.a Banana Total
wilt leaf spot  bunchy top musae anthracnose black blight sheath rot

e 210 0 0 1 0 0 0 0 211
Healthy
e S 0 345 0 1 0 0 0 2 348
Fusarium wilt
AR B 0 0 263 0 3 1 0 0 267
Banana leaf spot
A EE AT 0 1 0 73 0 0 0 0 74
Banana bunchy top
RN 0 0 7 0 134 1 0 0 142
Macrophoma musae
AR RIET 0 0 2 0 0 59 2 0 63
Banana anthracnose
AR 0 0 0 0 2 0 49 0 51
Banana black blight
IR 0 1 0 0 0 0 0 37 38
Banana sheath rot
27t Total 210 347 272 75 139 61 51 39 1194
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Table4 Model testing accuracy

el A= EHREE 1% PR L%

Category Producer’s accuracy  User’s accuracy
fRR 100 99.5
Healthy
R 99.4 99.1
Fusarium wilt
AR B 96.7 98.5
Banana leaf spot
A HE AT 97.3 98.6
Banana bunchy top
RN 96.4 94.5
Macrophoma musae
A FERIEIA 96.7 93.7
Banana anthracnose
AR BOR 96.1 96.1
Banana black blight
R A 94.9 97.4
Banana sheath rot
BRI FHEIL/ % 98.0
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