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2. Orientation Code Machine (OCM)
3. Plant Website Village

4. Histogram of Oriented Gradients
5. Area Under Curve
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1. Support Vector Machine (SVM)
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8. Smartmobiles
9. Convolutinal Neural Network
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1. Convolutinal Neural Networks
2. Olive Quick Decline Syndrome
3. Alexnet

4.VGG

5. ResNet 50

6. VGG16

7. Self-Structured (SSCNN)
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Table 1 Data set overview

Class Pests common name Pest scientific name Images No.
1 Citrus leafminer Phyllocnistis citrella 503
2 Sooty Mold Black Sooty Mold on Citrus 732
3 Pulvinaria Pulvinaria aurantii 539
Total 1774
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1. ImageNet Large Scale Visual Recognition Challenge
2. Pooling
3. Fully Conected
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Fig 1 Samples from the three examined classes: (a) Citrus Leafminer (b) Sooty Mold (c) Pulvinaria
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4. Graphic Process Unit
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Fig 3 Data augmentation by image rotation with different angles
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Fig 5 Data augmentation by adding Gaussian noise
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Table2 The mean accuracy and standard deviation of models when 70% of samples randomly selected
for training and th others for testing
CNN Model Mean Acuracy (%) Standard Divation (%)  Min.Acuracy (%)  Max.Acuracy (%)
Resnet 50 95.838 0. 8658 94. 9722 96.7038
VGGl16 88.789 0.7556 88.0334 89.5446

Table 3 Hyper-parameters of the used CNN models

Optimizer Bach size Number of epochs Learning rate Weight decay
Stochastic Gradient Decent (SGD) 64 10 0.001 0.00001
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2000 84 Table 4 Accuracy of the CNN models based
0 . 82 on 10-fold cross validation
Resnet 50 VGG 16 CNN Model Accuracy
ResNet50 95.81
M Training Time (5) 5400 13800 VGG16 87.89
m  Acuracy (%%) 95.81 87.89 N . L. N .
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Table 5 Confusion matrices of the proposed CNN architectures

Predicted Class Predicted Class
ResNet50 Citrus  Sooty 1o oo VGGleé Citrus  Sooty o . .
leafminer Mold uivina leafminer Mold
_ Citrus leafminer 484 6 13 Citrus leafminer 437 29 27
s 2
% 65 Sooty Mold 10 708 14 Sooty Mold 34 648 50
< Pulvinaria 12 20 507 Pulvinaria 26 49 474
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Table 6 the impact of data augmentation on the accuracy of CNN models

Accuracy (without

CNN Model Accuracy (with augmentation) augmentation)
ResNet50 96.05 95.77
VGG16 89.34 87.88
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Plant pests and diseases are a major threat to human food security. In large farms, accurate and timely
human diagnosis is not possible due to time consuming and possible misdiagnosis. Therefore, for
immediate, automatic, appropriate and accurate detection of agricultural pests, the use of image
processing and artificial intelligence, including deep learning can be very useful. In this study,
convolutional neural network models have been developed to identify three common citrus pests in
northern Iran such as citrus leafminer, sooty mold and pulvinaria using images of infected leaves,
through deep learning methods. For this purpose, Resnet50 and VGG16 architectures are trained as
well-known convolutional neural networks, applying the transfer learning method on 1774 images of
infected citrus leaves, accumulated from natural and field conditions. In the training phase, data
augmentation is used to increase the number of training samples, and to improve the generalizability
of the classifiers. For experimental analysis, cross validation strategy is used to evaluate the accuracy
of the convolutional neural network. In this strategy, all images are tested without any overlap
between training and test sets. Based on the results, the accuracies of Resnet 50 and VGG 16 models
are evaluated as 96.05 and 89.34%, respectively. Hence, the Resnet 50 model can convert the above
method into a very suitable early consulting or warning system.

Key words: Citrus pests, Deep Learning, Convolutional Neural Networks, ResNet50, VGG16

* Corresponding Author Email Address: ezzataskari@uma.ac.ir

VoY



