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Abstract

:

Agriculture is regarded as one of the key food sources for humans throughout history. In some countries, more than 90% of the population lives on agriculture. However, pests are regarded as one of the major causes of crop loss worldwide. Accurate and automated technology to classify pests can help pest detection with great significance for early preventive measures. This paper proposes the solution of a residual convolutional neural network for pest identification based on transfer learning. The IP102 agricultural pest image dataset was adopted as the experimental dataset to achieve data augmentation through random cropping, color transformation, CutMix and other operations. The processing technology can bring strong robustness to the affecting factors such as shooting angles, light and color changes. The experiment in this study compared the ResNeXt-50 (32 × 4d) model in terms of classification accuracy with different combinations of learning rate, transfer learning and data augmentation. In addition, the experiment compared the effects of data enhancement on the classification performance of different samples. The results show that the model classification effect based on transfer learning is generally superior to that based on new learning. Compared with new learning, transfer learning can greatly improve the model recognition ability and significantly reduce the training time to achieve the same classification accuracy. It is also very important to choose the appropriate data augmentation technology to improve classification accuracy. The accuracy rate of classification can reach 86.95% based on the combination of transfer learning + fine-tuning and CutMix. Compared to the original model, the accuracy of classification of some smaller samples was significantly improved. Compared with the relevant studies based on the same dataset, the method in this paper can achieve higher classification accuracy for more effective application in the field of pest classification.
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1. Introduction


Pests are regarded as one of the leading causes of crop loss in the world [1]. Some crops such as rice and wheat are prone to being destroyed by pests, resulting in unstable yield and poor quality as well as huge economic losses to farmers. Therefore, how to protect crops from pests has become a necessary research area to maintain and even improve yield and quality. It is also vital for food security and agricultural economic development [2]. How to classify and identify pests is fundamental for pest monitoring and forecasting so as to prevent pests from further damaging crops [3]. Therefore, it is necessary to find an efficient, fast and automatic method of achieving pest classification.



The traditional manual approach is very time-consuming and labor-intensive since the pest morphology is so similar that professional knowledge is needed [4]. Furthermore, the existing technicians capable of classification cannot meet the needs of gradually expanding demands in terms of capability and quantity. Pest classification based on machine learning needs careful selection of features for different species. However, due to the numerous types of pests, the features of metamorphic development and the complicated crop environments, it is very difficult to identify the characteristics through artificial selection and meet the modern needs of applications [5]. With the great success of deep learning in multiple image processing fields and the rapidly increasing popularity of high-quality image capture devices [6,7,8,9,10], an automated pest identification system based on deep learning image processing is expected to be the best solution to reduce labor costs and improve classification performance [11,12,13,14,15]. Convolutional neural networks (CNNs) have also achieved breakthroughs in many fields, so the CNN-based image classification model is also considered significant. Research has recently been conducted in the field of pest classification. The CNN ensemble model proposed by Ung et al. including a fine-grained model, attention mechanism and feature pyramid design has achieved accuracy as high as 74.13% and 99.78% in the IP102 dataset [16] and D0 dataset [17]. The integrated model SMPEnsemble [18] proposed by Ayan et al. based on the training of seven common CNN models has achieved accuracy of 67.13% and 95.15% in the IP102 dataset [16] and D0 dataset [17]. Nanni et al. adopted an ensemble model [19] of six CNNs and carried out the optimization by improving the DGrad and Adam algorithms [20], which achieved accuracy of 95.52%, 75.11% and 99.81% in the Deng dataset [21], IP102 dataset [16] and D0 dataset [17], respectively. The specific accuracy of each model is shown in Table 1.



These results show that the scheme of automatic feature extraction based on a CNN is more effective than the traditional machine learning of manually selecting features in the field of agricultural pest classification. As shown in Table 1, the current research on pest classification based on the CNN model mostly adopts the scheme of ensemble model, and there is no clear solution to the problem of small database size and inability to fully meet the training requirements of the model. In addition, there is a wide range of biological similarities between pests. It is necessary to adopt an effective method to help the model fully learn the deep features of the samples.



In this paper, we propose a convolution neural network pest classification method based on transfer learning and data enhancement. Based on the complexity of the experiment, we adopted three combined learning methods (new learning, transfer learning + freezing, transfer learning + fine-tuning), three data augmentation methods (no enhancement, cropping + toning + dimming, CutMix + cropping + toning + dimming) and three groups of initial learning rates (0.0001, 0.0005, 0.001) to conduct a total of 27 combined experiments. Then, we evaluated the method performance on the IP102 dataset and compared results with several popular models. The experimental results show that method can achieve better performance on the IP102 dataset.




2. Model


2.1. Convolutional Neural Network


With the rapid development of hardware and computing technology accelerated by GPUs in recent years, the problem of high computational cost of convolutional neural networks (CNNs) has been gradually solved, which enables them to be applied in more fields. At present, CNNs are among the most popular deep learning models. Although different CNNs have different structures, they all consist of three specialized parts: the convolutional layer, pooling layer and fully connected layer. The main function of the convolutional layer and pooling layer is to extract features. The convolutional layer extracts regional features from the input of the previous layer through the convolution operator and kernel function then conveys these features to the pooling layer to reduce the dimensionality by means of operations such as maximum, minimum and average pooling. Finally, it completes the mapping from features to labels through one or more fully connected layers.




2.2. ResNet


ResNet [30] is a residual CNN proposed by He et al. with the core idea of allowing the original input information to be passed directly to the subsequent network. The residual blocks [30] are designed based on the aforesaid concept, and the structure is shown in Figure 1. The innovative design allows the networks with residual blocks to be deeper with less possibility of gradient vanishing because the original input in the residual block can be propagated forward faster through the identity mapping.




2.3. ResNeXt


ResNeXt [31] is proposed by He et al. as an improvement of ResNet. Firstly, it retains the design concept of the residual block in ResNet and improves the ResNet residual blocks by introducing group convolution so as to obtain ResNeXt residual blocks [31]. The structure of ResNet and ResNeXt residual blocks is shown in Figure 2. Secondly, it broadens the cardinality of the network by referring to the concept of split–transform–merge in Inception [32]. Finally, it adopts the concise design principle of VGG [33] to overcome the disadvantages of Inception [32] convolution kernel parameters which are too complicated to control.




2.4. Model Structure


The ResNeXt-50 (32 × 4d) [31] model structure was adopted in this study. This structure is divided into six layers. The first layer consists of one initialized convolutional layer for preliminary feature extraction; the second layer consists of one maximum pooling layer and three ResNeXt residual blocks stacked for shallow feature extraction; the third to fifth layers consist of 4, 6, and 3 repeated stacked ResNeXt residual blocks, respectively, the size of which is reduced layer-by-layer for deep feature extraction; the sixth layer is used to calculate the full connection from the convolution layer features to the sample category mapping, and SoftMax is adopted to calculate the losses. The specific model structure is shown in Figure 3.





3. Materials and Methods


3.1. Dataset


The experiment adopted the IP102 pest dataset [16], a large-scale benchmark dataset proposed by Wu et al., which contains 75,222 images of 102 pest species. All the pests are labelled by hierarchical taxonomy, and each pest is classified into a superclass mapping the crop type to be preyed upon and a subclass marked as the type to destroy crops. The dataset was partitioned into two subsets according to 8:2. The training and testing sets were split at a subclass level. This dataset is somewhat challenging [23]. First of all, most pests are featured with metamorphosis, so there are still some differences among the same category of pests. Secondly, different species of pests have certain similarities in the same morphological period. Thirdly, the dataset contains a large number of small-sized pests in the complicated environment. Finally, this dataset can reflect the real quantity and distribution of pests to a certain extent; however, there is a serious imbalance featured with natural long-tailed distribution in terms of sample numbers among different pest species [26]. Sample images from the dataset are shown in Figure 4.




3.2. Transfer Learning


Transfer learning is a kind of learning method based on existing knowledge to solve the problems so as to transfer knowledge between different and relevant fields [34]. In terms of the CNN, transfer learning aims to successfully apply the “knowledge” trained on a specific dataset to a new domain; that is to say, it aims to use similar datasets to train the model to help the model learn general “knowledge” and apply it to the target problem.




3.3. CutMix


The CutMix method is a regularization strategy for the CNN classification model, and it performs sample transformation by cutting and splicing two training images [35]. As shown in Figure 5, a local area of a training image is removed, and the removed area is filled with a patch from another image. The category label of the image is mixed based on the area ratio of the original and patch images.




3.4. Model Optimization


The model adopts CrossEntropy to calculate the classification loss, so as to calculate the similarity between the SoftMax results from the model and the true probability distribution of the target. Moreover, L2 regularization is added to penalize the weight parameters and mitigate the overfitting. The mathematical formula is shown in Equation (1).


  J  ( θ )  = −  ∑ p   ( x )    log  2  q  ( x )  + λ   ∥ θ ∥  2   



(1)




wherein   p ( x )   is the target probability distribution;   q ( x )   is the prediction distribution;  θ  is the weight parameter;  λ  is the regularization coefficient;     ∥ θ ∥  2    is the regularization added to prevent overfitting.



The parameter optimization is actually the process of iteratively minimizing the loss function. The Adam algorithm [20] was adopted in this study to optimize the model parameters. In terms of the learning rate update strategy, the cosine annealing algorithm was adopted to iteratively update the network weights through the training data. The mathematical formula is shown in Equation (2). The Adam optimizer has the advantages of both AdaGrad [36] and RMSProp algorithms, so it can adaptively maintain the learning rate to improve the performance of sparse gradients and anti-noise with fewer parameters and higher efficiency. The calculation steps are as follows:


     n e w   l r    =   eta min   + 0.5 ∗ (   initial  l r 0    −   eta min   ) × ( 1 + cos (  epoch   T max    π ) )  



(2)




wherein   l r   is the decayed learning rate,   l  r 0    is the initial learning rate,   epoch   is the current number of iterations.





4. Results and Discussion


4.1. Results


Considering the hardware performance and training time, the batch size for both testing and training is set to 32, the test interval and display interval are set to 1 cycle and the maximum number of training rounds is set to 110 cycles. The data of experiment are shown in Table 2.



We conducted experiments to compare the performance of our proposed scheme with different models. Table 3 presents the results of those models on IP102. Among those models, ResNeXt-50 (32 × 4d) achieves the best performance for accuracy, average precision, average recall and average F1 scores, an improvement of 4.95 percentage points on the accuracy of DenseNet121.




4.2. Discussion


4.2.1. Learning Rate


During the training process, the learning rate changes dynamically as per the cosine annealing algorithm. The reset learning rate period is set to 10, that is, the learning rate changes periodically based on a cosine function whose period is 20, maximum value is initial learning rate and the minimum value is 0. The curve first falls and then rises within a period.



As shown in Figure 6, the learning rate greatly affects the training and testing results. With the new learning method, all parameters are randomly generated by truncated normal distribution, and the higher learning rate enables the training to quickly approach the optimal solution so that higher training and testing accuracy can be obtained with the same rounds of training. For example, in the ninth group of the experiment, the initial learning rate is 0.001. After 110 rounds of training, the training and testing accuracy rates reach 57.88% and 69.75%, respectively, about 5% higher on average than other experiments under the same conditions.



With the method of transfer learning, the model is close to the optimal solution at the initial moment of training since the model owns a certain pre-training “knowledge” in advance. The higher learning rate is prone to skip the optimal solution, resulting in low classification accuracy or severe fluctuations. When the combination of transfer learning + freezing is adopted, the part of feature extraction does not get involved in the learning, so it is less probably affected by the learning rate than the combination of transfer learning + fine-tuning. All groups of experiments with the learning rate of 0.0001 (experiment No.: 10 and 25) indicate good performance with accuracy of 86.95% after 110 periods of training. The results show that better training results can be achieved if the initial learning rate of the model with transfer learning is set to 0.5 or 0.1 times of the new learning.




4.2.2. Data Augmentation


As shown in Figure 7, the selection of appropriate data augmentation can significantly improve the classification effect of the model. When the new learning is adopted, since the model needs to learn the “knowledge” from the target dataset which has a small capacity, it cannot fully meet the needs of model training. Therefore, the experimental results show obvious overfitting without the data augmentation. For example, in the third group of experiments, the training accuracy rate reaches 99.59%, but the accuracy is only 53.78%. After the data enhancement is adopted, the accuracy rate is greatly improved, and the overfitting is significantly reduced. As another example, in the sixth group of the experiment, the training and testing accuracies reach 85.73% and 67.16%, respectively. The adoption of base augmentation or CutMix augmentation has no significant influence on the results of new learning model. It is expected that the learning speed is slow due to the high complexity of CutMix enhancement in the early training process.



Freezing and fine-tuning have different options for data augmentation in terms of the experiments of transfer learning. When transfer learning + freezing is adopted, since the feature extraction does not get involved in the training, the data augmentation increases the possibility of misclassification of the fully connected layer, so the classification effect without data augmentation is the optimal solution. When transfer learning + fine-tuning is adopted, the feature extraction layer is pre-trained in similar datasets, and the basic data enhancement has no obvious influence on the experiment results. Taking the 19th and 22nd group experiments as the example, the accuracy rates are 72.64% and 73.86%, respectively. When more complicated data augmentation such as CutMix is adopted, it results in a better learning effect. As another example, in the 25th group of the experiment, the training and test accuracies reach 79.11% and 86.95%, respectively. Therefore, when the model has a certain “basic knowledge”, more complicated data augmentation helps the model learn at a further level.



Figure 8 shows the accuracy of different classifications in the IP102 dataset with different data enhancements. In terms of minimal size of samples, the model performance is not be significantly improved regardless of method. For example, the results of three experiments in the first group are very similar. When there is a certain sample size, data enhancement can significantly improve the classification performance of the model, especially as CutMix can provide better performance than ordinary data enhancement. However, in the case of sufficient sample size, although the data enhancement can improve the sample performance to a certain degree, the effect is not very obvious because the original samples can meet the needs of model training. Therefore, data augmentation is of great significance for helping the model learn a certain number of samples which are insufficient for model training.




4.2.3. Transfer Learning


As shown in Figure 9, the adoption of transfer learning can significantly improve the classification performance of the model. With the new learning method, the model cannot be fully trained due to insufficient number of samples, so the experiment results have the obvious problem of overfitting. Take the ninth group of experiment as the example, the training accuracy rate has reaches as high as 99.59%, while the test accuracy rate is only 53.78%. With the help of pre-trained “knowledge”, the model adopting transfer learning significantly improves classification accuracy compared to the new learning model, and the time needed for the same accuracy is greatly reduced. When comparing the effects of freezing and fine-tuning on transfer learning, when the freezing model is adopted for training, the parameters in the feature extraction are not involved in the training, so the classification accuracy rate enters a relatively stable state when the parameters of the fully connected layer are fully trained. Due to the fewer parameters involved in the training, the model training time is greatly reduced compared to the new learning and fine-tuning methods. The fine-tuning model receives finer learning based on the original “knowledge”, so it has a higher classification accuracy than the freezing model.



In conclusion, since the dataset is relatively small compared to the model, the new learning model cannot fully learn the features of all samples, so the classification accuracy is lower than that of the transfer learning model. Due to the differences between the datasets, fine-tuning needs to be adopted for different datasets in the case of transfer learning.






5. Conclusions


Since the traditional pest classification method has many problems such as hard feature extraction and small size of data sample, the transfer learning method and a residual CNN were adopted in this study to classify the IP102 pest dataset, and the influence of factors on the model performance such as the learning method, data enhancement and learning rate was compared and analyzed. The conclusions are drawn as follows:




	
Compared with other CNNs, the residual CNN can achieve better extraction of pest features. Compared with other research results, it has better classification performance with the average recognition accuracy as high as more than 70%;



	
Learning rate has a greater influence than the data augmentation on model training stability. The selection of appropriate learning rate can expedite the model convergence so that the model can approach the optimal solution at a faster speed. When the new learning method is adopted, a larger learning rate should be adopted to expedite the learning speed of the model; when the transfer learning method is adopted, a small learning rate should be adopted to prevent the optimal solution being skipped. If an improper learning rate is selected, the training effect is greatly influenced, and the model even diverges in severe cases;



	
It is important to select the right data augmentation. Appropriate data augmentation can help models to better learn sample features and reduce the overfitting problems caused by small datasets. Basic data augmentation should be adopted when new learning is adopted. When the model has no pre-training “knowledge”, an excessively complicated input interference prevents the models from learning basic features; when a combination of transfer learning + fine-tuning is adopted, it is recommended to use more complicated data enhancement (such as CutMix). If the model has pre-trained “knowledge”, strong input interference can help the models learn deep features;



	
Transfer learning can help models learn generically featured “knowledge” from other datasets. Learning the target dataset based on this “knowledge” can greatly improve the model performance. The training time needed for the model to achieve the same classification accuracy is greatly reduced, and the average classification accuracy is improved by 10~20% compared to the new learning model;



	
The ability of transfer learning can be better exerted with fine-adjusting pre-training parameters than freezing pre-training parameters. Although the parameters of feature extraction in the transfer model are very close to the optimal solution, the fine-tuning is needed on this basis due to the differences between the datasets. According to the experimental results, the effect of the transfer learning model with fine-tuning or freezing is better than that of new learning, while the effect of the combination of transfer learning + fine-tuning is improved by 8% on average compared to the combination of transfer learning + freezing.
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Figure 1. Normal block (left) and residual block (right). 
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Figure 2. ResNet residual blocks (left) and ResNeXt residual blocks (right). 
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Figure 3. Model structure. 
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Figure 4. Sample of IP102 dataset images. Line 1 shows three different caterpillar species and Line 2 shows three different moth species; columns 1, 2 and 3 show the morphology of the same pest in different life cycles. 
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Figure 5. Schematic of CutMix. 
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Figure 6. Accuracy of models with different learning rates. 
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Figure 7. Accuracy of models with different data augmentation methods. 
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Figure 8. Accuracy of some species with different data enhancement. Note: A, B and C are data enhancement methods, which are the same as those in Table 2. Experimental group 1~5 represent the subsets of the IP102 dataset divided based on the sample quantity. Experimental group 1 represents the subset consisting of the top 20% of classifications with the minimal sample quantity. Similarly, Experimental group 2~5 represent the subsets distributed at 21~40%, 41~60%, 61~80% and 81~100%, respectively. 
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Figure 9. Accuracy of models with different learning strategies. 
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Table 1. The comparative result with related work.






Table 1. The comparative result with related work.











	Related Work
	Model
	IP102 [16]
	D0 [17]





	[18]
	GAEnesmble
	67.1%
	98.8%



	[18]
	SMPEnsemble
	66.2%
	98.4%



	[21]
	HierarchicalModel
	
	



	[19]
	SaliencyEnsemble
	61.9%
	



	[22]
	Multiple Instance Learning
	60.7%
	



	[18]
	SMPEnsemble
	66.2%
	98.4%



	[16]
	DeepFeature
	49.5%
	



	[23]
	FR·ResNet
	55.2%
	



	[22]
	Inception-V4
	48.2%
	



	[22]
	ResNet50
	49.4%
	



	[22]
	MobileNet-B0
	53.0%
	



	[22]
	DenseNet121
	61.1%
	



	[22]
	EfficientNet-B0
	60.7%
	



	[17]
	Multi-level framework
	
	89.3%



	[24]
	CNN
	
	90.0%



	[25]
	Deep CNN with augmentation
	
	96.0%



	[26]
	Ensemble model
	74.1%
	99.8%



	[27]
	Inception V3
	81.7%
	



	[27]
	VGG19
	80%
	



	[28]
	Ensemble model
	74.11%
	



	[29]
	STN-ResNest
	73.29%
	



	Presented Work
	ResNeXt-50 (32 × 4d)
	86.9%
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Table 2. Loss and accuracy of model training and test.
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Group ID

	
Learning Method

	
Data Augmentation

	
Learning Rate

	
Training Loss

	
Test Losses

	
Training Accuracy

	
Testing Accuracy






	
1

	
New Learning

	
A

	
0.0001

	
0.0172

	
3.4692

	
99.30%

	
48.63%




	
2

	
0.0005

	
0.0146

	
4.5273

	
99.46%

	
49.27%




	
3

	
0.0010

	
0.0113

	
4.4682

	
99.59%

	
53.78%




	
4

	
B

	
0.0001

	
0.6247

	
1.4675

	
82.14%

	
64.83%




	
5

	
0.0005

	
0.4834

	
1.5741

	
84.83%

	
66.06%




	
6

	
0.0010

	
0.4653

	
1.5488

	
85.73%

	
67.16%




	
7

	
C

	
0.0001

	
2.3377

	
1.4835

	
47.71%

	
60.01%




	
8

	
0.0005

	
2.0608

	
1.2979

	
56.50%

	
68.11%




	
9

	
0.0010

	
1.9613

	
1.1765

	
57.88%

	
69.75%




	
10

	
Transfer Learning + Freeze

	
A

	
0.0001

	
0.0040

	
1.8967

	
99.81%

	
71.42%




	
11

	
0.0005

	
0.2828

	
1.3341

	
91.72%

	
67.97%




	
12

	
0.0010

	
0.1887

	
1.7385

	
94.43%

	
66.24%




	
13

	
B

	
0.0001

	
1.1873

	
1.1250

	
65.98%

	
67.99%




	
14

	
0.0005

	
0.9802

	
1.1283

	
70.89%

	
68.05%




	
15

	
0.0010

	
0.9170

	
1.1823

	
72.83%

	
69.13%




	
16

	
C

	
0.0001

	
2.4079

	
1.2961

	
47.60%

	
66.65%




	
17

	
0.0005

	
2.2698

	
1.1673

	
51.19%

	
69.01%




	
18

	
0.0010

	
2.2559

	
1.1121

	
51.86%

	
70.14%




	
19

	
Transfer learning + Fine-tuning

	
A

	
0.0001

	
0.0030

	
1.8918

	
99.85%

	
72.64%




	
20

	
0.0005

	
0.0042

	
2.5541

	
99.82%

	
67.27%




	
21

	
0.0010

	
0.0056

	
2.9742

	
99.75%

	
63.55%




	
22

	
B

	
0.0001

	
0.1768

	
1.5413

	
94.22%

	
73.86%




	
23

	
0.0005

	
0.2522

	
1.5639

	
91.74%

	
72.33%




	
24

	
0.0010

	
0.3476

	
1.4343

	
88.96%

	
71.99%




	
25

	
C

	
0.0001

	
1.0959

	
0.5157

	
79.11%

	
86.95%




	
26

	
0.0005

	
1.2358

	
0.6788

	
75.64%

	
81.50%




	
27

	
0.0010

	
1.5114

	
0.7895

	
69.26%

	
77.06%








Note: A, B, and C are data augmentation methods: A means no enhancement to transform the input image into a 224 × 224 pixel image; B means basic enhancement with basic transformation operations such as rotation, toning and stretching of the input image; C means CutMix to enhance the input sample image first and then conduct the CutMix operation based on the maximum mixing number of 2. Data enhancement refers to the direct sample modification during the model training, which has no influence on the quantity and distribution of the samples. New learning refers to all parameters of the model being randomly generated, and the model is only trained in the target dataset; transfer learning + freezing refers to the model being pre-trained in similar datasets first, then the pre-training parameters are frozen during the training in the target dataset and only the fully connected output layer is trained; transfer learning + fine-tuning refers to the model being pre-trained in a similar dataset first, and then all the model parameters are trained in the target dataset, including the parameters of the pre-training and the newly added fully connected layers.
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Table 3. The comparison among different proposed models.






Table 3. The comparison among different proposed models.





	Model
	Accuracy
	Average Precision
	Average Recall
	Average F1 Score





	Densenet121
	81.55%
	78.03%
	73.93%
	75.92%



	Efficientnet-B0
	80.28%
	78.75%
	73.66%
	76.12%



	VGG19
	78.80%
	78.21%
	74.54%
	76.33%



	ResNet-50
	71.20%
	70.06%
	65.39%
	67.64%



	ResNeSt-50
	80.28%
	78.47%
	71.47%
	74.81%



	ResNeXt-50 (32 × 4d)
	86.50%
	84.62%
	85.55%
	85.08%
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