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Image classification of tomato leaf diseases
based on transfer learning

WANG Yanling, ZHANG Hongli* , LIU Qingfei, ZHANG Yashuo
(School of Electrical Engineering, Xinjiang University, Urumai 830047, China)

Abstract In view of the convolutional neural network for identifying tomato diseases needs more training parameters
and the training is very time-consuming. transfer learning is applied to the AlexNet convolutional neural network,and 9
types of disease leaves including healthy tomato leaves are classified. Using 14 529 tomato leaf images,70% randomly
selected as the training set and 30% as the validation set, the AlexNet convolutional neural network model structure
was migrated and the mature AlexNet model and its parameters were trained on the Imagenet image dataset for tomato
disease identification. During the training process, the fixed low-level network parameters are unchanged, the high-level
network parameters are fine-tuned, the tomato disease image is input into the network to train the high-level parameters
of the network,and the trained model is used to classify the 10 types of tomato leaves,and 20 groups of experiments
are carried out. The results show that the proposed algorithm converges well in the network of 474 training iterations,
and the average accuracy of the network to the verification set is 95.62 % . Compared with the AlexNet convolutional
neural network trained from zero, the training time is shortened and the average accuracy is increased by 5.6%. In
conclusion, the disease classification model established by transfer learning can quickly and accurately classify 10 types
of tomato leaf diseases.

Keywords tomato; convolution neural network; transfer learning; feature extraction; SVM; diseases classification
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The image scale of the input layer is 227 pixels X 227 pixels; For convl,conv2,conv3,conv4,and convh

layers,the number of convolution kernels are 96, 256, 384, 384, and 256, respectively. The size of the

convolution kernel is 11 pixels X 11 pixels,5 pixels X5 pixels,3 pixels X 3 pixels,3 pixels X 3 pixels,3 pixelsX

3 pixels, respectively. Output units of fc6,fc7 and {c8 layers are 4 096,4 096 and 10, respectively.
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Fig. 2 Network training process of tomato leaf image set by different methods
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