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Automatic Identification of Soybean Leaf Diseases Based on UAV Image and
Deep Convolution Neural Network

SHANG Zeng-qiang, YANG Dong-fu,MA Zhi-pu
(Nanyang Agricultural Vocational College ,Nanyang 473000, China)

Abstract: In order to realize fast and efficient classification and recognition of soybean leaf disease images under complex field
background , convolution neural network models with different depth were compared and evaluated with accuracy, training time
and learning error as performance indexes of deep learning model. Firstly, the soybean leaf disease image data set collected by
UAYV was divided into training set and test set according to the ratio of 7: 3. In order to expand the data image, the original
image of training set was enhanced. Four kinds of deep neural network models, including perception-v3,vgg-19, resnet-50 and
xception, were used to test the models based on different weights of fine-tuning and transfer learning training strategies, and
field validation experiments were carried out. The results showed that the accuracy of perception-v3 model was the highest
(99.04% ) under the FT 75% training strategy ; Compared with other models, FT 100% and FT 75% deep learning models
showed higher accuracy and lower learning error,but the training time was longer. The trained perception-v3 ft 75% model was
applied to the computer vision system,and the results showed that the system could effectively realize the intelligent recognition
of soybean leaf diseases under the complex field background.
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Fig.1 The computer vision system for identifying soybean leaf diseases image
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Table 1 The classification and recognition performance indicators of each deep learning model
(el UER plERIn] HERHE YRRz
Model Training strategies Training time/s Accuracy/ % Training error
Inception-v3 FT 100% 255891 98.87 0.0523
FT 75% 202629 99.04 0.0490
FT 50% 181223 97.22 0.1052
FT 25% 160661 94.78 0.1645
TL 147477 86.85 0.3869
No TL 255897 95.75 0. 1476
Resnet-50 FT 100% 304523 98.96 0.0414
FT 75% 239265 99.02 0.0459
FT 50% 200082 98.96 0.0421
FT 25% 200082 98.96 0.0421
TL 149396 96.95 0.1282
No TL 304831 96.54 0.1106
VGG-19 FT 100% 392662 99.02 0.0476
FT 75% 330291 98.33 0.0569
FT 50% 253551 98.27 0.0703
FT 25% 194543 96.37 0.1236
TL 173697 77.53 0. 6501
No TL 390494 69.59 0.6855
Xception FT 100% 454838 98.56 0.0549
FT 75% 300902 97.98 0.0796
FT 50% 269355 94.53 0.2356
FT 25% 235287 92.63 0.2700
TL 200016 86.69 0.3922
No TL 437106 97.87 0.0796
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A% ) , H Inception-v3 FT 75% #ER1BLA fiz i
HETATE(99. 04% ) , [H i 5 235 56 3% £F Inception-v3
FT 75 % #5354 7R 5 ) 3 U G 565 o
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Fig.2 The box chart of the accuracy of each deep learning model
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Fig.3 The confusion matrix of deep learning model
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a. The example of partial soybean leaf powdery mildew in the center of field image;b. The leaf

image classified and recognized by the perception-v3 model.
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Fig.4 The recognition verification of computer vision system in soybean field
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