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Abstract 
In agricultural production, pests and diseases have a crucial impact on their output. 
Traditionally, relying on experience to identify pests and diseases has uncertainties for 
agricultural production. Once a misjudgment occurs, it is easy to lead to the proliferation 
of pests and diseases, and in severe cases, it will greatly affect agricultural output and 
cause irreparable economic loss. The introduction of computer technologies such as 
deep learning and reinforcement learning has greatly improved the accuracy of pest and 
disease control compared with traditional empirical knowledge. It plays an important 
role in promoting the integration of modern agricultural industry and the Internet and 
improving agricultural production efficiency. This paper introduces the application of 
some deep learning algorithms in the detection of agricultural pests and diseases, 
summarizes the shortcomings of deep learning in this field, and proposes the 
development prospects of deep learning in intelligent agriculture. 
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1. Introduction 

Pests and diseases are a combination of diseases and pests, which often cause adverse effects on 
agriculture, forestry, animal husbandry, etc. In the process of traditional agricultural production, pests 
and diseases are very harmful to agriculture, and the management of pests and diseases often relies 
only on farmers’ experience. When looking at the same pests and diseases, there are often different 
opinions. This is because people have subjective initiative, and everyone's experience is different. 
Sometimes there are different solutions for the same problem, and these solutions are mixed. For 
agricultural production, there is great uncertainty. How to quickly and accurately identify pests and 
diseases, propose appropriate solutions, support the development of intelligent agriculture, and 
improve agricultural yields has become an important issue in agricultural production. 

Deep learning is widely used in image detection, fruit recognition, target detection, etc., and can 
achieve good results, so it is also widely used in agricultural pest detection [1-5]. Deep learning is a 
type of machine learning, it comes from neural networks. Compared with traditional machine learning, 
deep learning has certain "intelligence". It is a kind of advanced artificial neural network that can 
independently determine the classification, so it has received extensive attention. The basic structure 
is shown in the Figure 1. In recent years, the detection method of agricultural pests and diseases based 
on feature fusion based on deep learning has attracted more and more researchers' attention. 
Compared with traditional manual methods, deep learning has the characteristics of fast training and 
high recognition, and has great advantages in image recognition great advantage. 

This paper briefly introduces the application of several classic deep learning algorithms in the 
detection of agricultural pests and diseases, briefly describes their advantages and disadvantages, and 
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hopes to provide reference for subsequent agricultural researchers, so as to better promote the 
development of agricultural intelligence. 

 

 
Figure 1. CNN model of agricultural pests and diseases 

2. Research Status Analysis 

Although the detection of agricultural pests and diseases based on deep learning has great advantages, 
it still has shortcomings. It faces challenges such as inconsistent data sources, too few and too large 
differences in training models. This paper analyzes the data used by different researchers. Analysis 
and comparison of source and training models. 

2.1 Data Sources 

Data sources are crucial for deep learning models. A good data set can reduce identification errors, 
facilitate promotion, and identify pests and diseases faster and more accurately, which is crucial for 
the next step in agricultural production. However, the current data set is not unified and can be roughly 
divided into three parts. 

The first category is the datasets collected and organized by researchers themselves [6-8]. This type 
of dataset is collected by various researchers with a lot of effort. Using high-resolution equipment for 
image acquisition can better identify them. It is because most of these data sets are small, and different 
data sets may have too much data repetition, because the data collected by different devices may not 
be the same and cannot be used universally. Deep learning requires a large amount of data for training 
and testing, thereby improving the accuracy of recognition. 

For example [6] used a large dataset. Here, the dataset contains 14,828 images of tomato leaves 
infected with 9 diseases. 

The second category is public datasets [9-10], represented by Imagennet and PlantVillage. The 
advantages of public datasets are that they have large amounts of data and varieties, and can be 
obtained and used for free, but the disadvantages are also obvious. The update is slow, and it is easy 
to miss some data, resulting in the inability to accurately identify specific agricultural pests and 
diseases. As shown in the data of the traffic light moth in Figure 2, the pest bites the filaments of corn 
ears at all times as larvae, and the severe filaments are bitten off or eat the tender grains at the top of 
the ear, which affects the yield. When the cotton is damaged, the corolla and cotton bolls will be 
bitten, and the cotton leaves will be eaten up. 

The third type is a mixture of self-collected data and public data sets [11]. This method combines the 
advantages of the two, but the disadvantage is that the data of the two needs to be pre-processed to 
ensure consistent image specifications, thereby reducing training and testing. error. 

2.2 Data Preprocessing 

Due to the inconsistency of data sources, in order to better improve the effect of image recognition, 
some researchers process some data features through techniques such as data enhancement before 
inputting the data into the training model [12-14]. Since deep learning needs to identify some features 
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in the detection of agricultural pests and diseases, some researchers improve the recognition accuracy 
and reduce errors by increasing the brightness or other attributes of the data image. The main purpose 
of data preprocessing is to reduce the influence of irrelevant factors and avoid errors caused by 
irregular data as much as possible. Image segmentation, normalization [13], noise reduction, cropping 
[14] and scaling are usually used for data preprocessing. The application of these techniques can not 
only increase the size of the dataset, but also highlight image features and improve the model. 
Training accuracy to achieve better recognition results. For example, [13] normalizes the data to make 
the image size uniform, thereby improving the training accuracy of the model. 

 

 
Figure 2. AmsactaLactinea Images in public datasets 

2.3 Data Augmentation 

Data enhancement technology [12] is to expand the size of the data set by setting different network 
parameters, thereby improving the learning process and network performance of the overall model, 
and can also provide corresponding data enhancement according to the needs of different models, 
thereby improving the performance of the network model. Accuracy. Data enhancement technology 
plays a very important role in the first type of data set, which can greatly increase the data size and 
reduce errors caused by too little data. The enlarged dataset is used as a training set, which improves 
the generalization ability and enhances the performance of the model. Common data augmentation 
techniques include data supplementation [12], data transformation [8] and so on. 

2.4 Application Model 

From a technical point of view, most researchers are based on the CNN model. By optimizing the 
CNN model, the common ones include AlexNet, LeNet, ReSet, etc., or build their own convolutional 
network models, but they all draw on the idea of CNN. For example [15] proposed a method to 
classify leaf diseases using a CNN model. Therefore, it is possible to classify leaf diseases according 
to the database provided. Each plant disease can be individually classified using images of plant 
leaves. 

Other researchers have added transfer learning to the detection of agricultural pests and diseases. By 
combining transfer learning and deep learning, and drawing on existing knowledge systems, they are 
compatible with the advantages of different systems, and then propose network models for specific 
tasks. 

The deep belief network [16] has also been applied to the detection of agricultural pests and diseases. 
The difference between deep belief network and deep learning is that deep belief network uses sensors 
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to collect data, its data type is numerical data, and the method of collecting data is single and cannot 
be generalized. 

The models used by some researchers are improved and used in common network models [4-6]. The 
advantage is that they can better learn and communicate, and users can easily obtain data and 
frameworks to complete their own research tasks. 

2.5 Comparison of Indicators 

Common classification metrics of network models are training loss, training accuracy, test loss and 
test accuracy, and time spent. The comparison of these indicators can effectively show the advantages 
and disadvantages of different network models. 

By using the same data set, different network models are compared using the same indicators, and 
the research on the detection of agricultural pests and diseases has found that deep learning can 
effectively improve the detection efficiency and accuracy, and contribute to the development of 
modern agriculture. 

3. Future Research Directions and Discussions 

Through the above analysis and comparison, it can be found that the method based on deep learning 
can be well adapted to the detection of agricultural pests and diseases. When studying the same 
problem, the same experimental indicators should be adhered to, and then the comparison can be 
made to better discover the advantages and disadvantages of the proposed framework. , so as to better 
improve. 

The research can find that the authenticity and scale of the data source determine the performance of 
the network model to a certain extent, and the scale of the data can be improved by techniques such 
as transfer learning and data enhancement, thereby better improving the performance of the model 
framework. The combination of transfer learning and deep learning is an important research content. 
It can improve the classification effect of the network model when the data set is small.  

4. Conclusion 

In the process of agricultural development, computer vision technology has been widely used, but 
most of them focus on land cover detection, crop classification, and fruit grading. There are few 
studies on the detection of agricultural pests and diseases, seed classification, soil nitrogen content, 
and herbicide detection. Although deep learning technology has certain shortcomings, it is easy to 
commercialize, so as to better serve the public and add strength to the development of modern 
agriculture. 

In order to better enable deep learning to make greater contributions to the detection of agricultural 
pests and diseases and serve agricultural modernization, people need to build a large-scale agricultural 
image database as much as possible to provide more and more accurate data, thereby improving the 
accuracy of the model; secondly, collect more crop information and enrich samples to provide people 
with reference information; the feature extraction method of the data should be Diversification, 
learning from each other's strengths and weaknesses, and improving the accuracy of the model; finally, 
the model design needs to be as simple and lightweight as possible to reduce costs. 
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