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Abstract: With the rapid development of artificial intelligence and machine learning technology, computer 

vision has become an important driving force in the field of agricultural automation. This article explores the 

application of computer vision technology in agricultural automation, including crop pest and disease 

detection, harvesting robot navigation, crop growth monitoring, and automation control of agricultural 

machinery. The article analyzes the technical principles and practical effects of these applications, while 

pointing out the challenges and coping strategies in the implementation process. Finally, the article predicts the 

future development trend of computer vision in the field of agricultural automation, emphasizing its important 

role in promoting agricultural modernization and improving production efficiency. 
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1. Introduction 
 

In today's era of rapid technological development, the application of computer vision technology in the 

field of agricultural automation is increasingly becoming a focus. This technology greatly improves the 

efficiency and intelligence level of agricultural production by enabling machines to recognize and 

understand image information [1]. This article will explore in detail the various applications of 

computer vision in agricultural automation, including intelligent detection of crop diseases and pests, 

development of navigation systems for automated harvesters, real-time crop growth monitoring, and 

intelligent control of agricultural machinery. The article will also analyze the challenges brought by the 

application of these technologies and explore future development directions, aiming to provide a 

comprehensive perspective on the application of computer vision in modern agriculture. 

 

2. Application of Computer Vision Technology in Agricultural Automation 
 

In recent years, deep learning techniques have demonstrated remarkable advancements in automated 

surveillance and image recognition. Xu et al. (2024) have contributed to this progress by presenting a 

method for real-time detection of Crown-of-Thorns Starfish using the YOLOv5 deep learning model[2]. 

Additionally, Chen et al. (2020) explored the application of deep learning for grading printed mottle 

defects, showcasing its potential in quality control within the manufacturing industry [3]. Furthermore, 

Chen et al. (2022) introduced a one-stage object referring method with gaze estimation [4]. This method 
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leverages deep learning to enable rapid and accurate localization and identification of specific objects 

in images, opening new avenues for applications in intelligent surveillance, augmented reality, and 

beyond. 

 

2.1 Crop Pest and Disease Detection and Identification 

 

Traditionally, the detection of pests and diseases relies on the experience of agricultural experts and 

artificial visual recognition, which is not only time-consuming and labor-intensive, but also greatly 

limited by personal experience in terms of accuracy and efficiency of recognition. The introduction of 

computer vision technology, through efficient image processing and pattern recognition algorithms, 

enables faster and more accurate detection of pests and diseases, greatly improving the management 

efficiency of agricultural production and crop yield. Firstly, this technology captures real-time images 

of crops by installing high-resolution cameras in the fields. These images contain information about 

various stages of crop growth, including leaf color, shape, size, etc. Subsequently, these image data are 

fed into a computer vision system for processing [5]. The system utilizes deep learning algorithms such 

as Convolutional Neural Networks (CNN) to analyze images and identify signs of pests and diseases. 

For example, certain diseases can cause specific yellowing or spots on plant leaves, which can be 

accurately identified by algorithms. In order to improve the accuracy of recognition, the quality of 

training data is crucial. This typically requires a large amount of annotated image data, including 

images of plants that are healthy and affected by pests and diseases. Through in-depth learning of these 

data, the model can identify subtle pest and disease characteristics, and even provide early warning of 

diseases, effectively preventing the spread of diseases. In addition, computer vision systems can guide 

the precise application of pesticides based on the severity of pests and diseases, avoiding excessive use 

of pesticides and protecting the environment, while reducing agricultural production costs. With the 

continuous development of technology, this system is increasingly able to adapt to different 

environmental conditions and crop types, and its application scope and efficiency are constantly 

improving [6]. 

 

2.2 Navigation System of Harvesting Robot 

 

In the development of agricultural automation, the navigation system of harvesting robots is another 

important achievement in the application of computer vision technology. The core of this system is to 

enable harvesting robots to automatically navigate in farmland, perform precise harvesting operations, 

greatly improve harvesting efficiency and accuracy, while reducing labor costs [7]. The navigation 

system of harvesting robots mainly relies on real-time images captured by computer vision technology. 

These images capture environmental information in the farmland through special cameras, such as 

stereo cameras or infrared cameras, including the location of crops, topography, and possible obstacles. 

Subsequently, these image data are fed into a computer vision system for processing, which utilizes 

image recognition and machine learning algorithms to analyze the data and determine the harvesting 

path and work area. A key technical challenge for navigation systems is real-time performance and 

accuracy. In agricultural environments, changes in lighting conditions, crop types, and maturity can all 

affect the visual system's judgment. Therefore, the system needs to have strong environmental 

adaptability and robustness to ensure accurate navigation and operation under various conditions. In 

addition, the system needs to be able to handle complex environmental information, such as avoiding 

obstacles, adjusting the speed and direction of the harvester, and ensuring the uniformity and efficiency 

of harvesting. With the development of algorithms and hardware technology, these navigation systems 

are becoming increasingly intelligent. For example, some advanced systems are already able to 

automatically adjust harvesting times based on crop maturity or adjust machine operating parameters 

based on changes in terrain. The implementation of these functions not only improves the harvesting 
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quality of crops, but also reduces energy consumption and operating costs. 

 

2.3 Crop Growth Monitoring 

 

Crop growth monitoring is another important application of computer vision technology in the field of 

agricultural automation. It provides accurate data support for agricultural production by monitoring 

the growth status of crops in real time. The core of this technology lies in using high-resolution cameras 

to capture images of crop growth, and then analyzing these images through computer vision algorithms 

to monitor the health status and growth rate of crops. Firstly, the monitoring system collects various 

data about crop growth, such as leaf size, color, shape, etc., by regularly taking photos of the crops. 

These data reflect the health status and growth rate of crops, and are crucial for early identification of 

issues such as malnutrition, water scarcity, or pests and diseases. Computer vision algorithms process 

and analyze these images, identify potential growth issues, and promptly remind farmers to take 

appropriate measures. In addition, crop growth monitoring can also help farmers optimize crop 

management. For example, by analyzing crop growth data, farmers can fertilize and irrigate more 

accurately, avoiding resource waste. At the same time, these data also help predict crop yields, 

providing a basis for market supply and price setting. The application of computer vision technology 

in crop growth monitoring not only improves the accuracy and efficiency of agricultural production, 

but also has significant implications for achieving precision agriculture and sustainable agriculture. 

With the continuous advancement of algorithms and sensor technology, this technology is expected to 

achieve more detailed and comprehensive crop monitoring in the future. 

 

2.4 Automation Control of Agricultural Machinery 

 

The automation control of agricultural machinery is another key application of computer vision 

technology in modern agriculture, which greatly improves the efficiency and accuracy of agricultural 

machinery operations. The core of this technology is to enable various agricultural machinery, such as 

tractors, seeders, sprayers, etc., to automatically complete complex agricultural operations with 

minimal manual intervention. Firstly, agricultural machinery is equipped with high-resolution cameras 

and other sensors to capture real-time images and data of the field environment. The computer vision 

system analyzes this data to identify the location, size, and growth status of crops, as well as the terrain 

and obstacles in the field. These pieces of information are crucial for guiding mechanical operations. For 

example, automated seeders can precisely control the sowing depth and density based on the type and 

humidity of the soil; Automated spraying machines can adjust the range and dosage of spraying 

according to the growth status and pest and disease situation of crops. In addition, automated control 

systems can also improve the safety of operations. By monitoring the field environment in real-time, the 

system can identify and avoid obstacles in a timely manner, preventing mechanical damage or crop 

damage. At the same time, automated systems can also reduce resource waste caused by improper 

human operation, such as excessive fertilization or spraying, thereby reducing costs and protecting the 

environment. With the continuous advancement of computer vision and artificial intelligence 

technology, the automation control system of agricultural machinery is becoming increasingly 

intelligent and flexible. These systems are not only capable of automatically executing tasks based on 

preset parameters, but also continuously optimizing their performance through learning and 

adaptation. 

 

3. Challenges and Future Development of Computer Vision Technology 
 

3.1 Challenges in Technical Implementation 
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The implementation of computer vision technology in agricultural automation faces multiple challenges. 

The impact of environmental factors on the visual system is particularly significant. The complexity of 

agricultural environments, such as changing lighting conditions, weather factors, soil and crop variety 

diversity, can all interfere with image acquisition and processing. For example, changes in lighting 

under different weather conditions can affect image quality, which in turn affects recognition accuracy. 

In addition, economic costs are also an important consideration. High end visual recognition systems 

and related hardware equipment often have high costs, which may be a financial burden for small and 

medium-sized agricultural producers. Meanwhile, the maintenance and upgrade of the system require 

continuous investment in funds and technology. In addition, the implementation of technology also 

requires agricultural producers to master certain technical knowledge and operational skills, which may 

require relevant training and guidance. 

 

3.2 Difficulties in Data Processing and Analysis 

 

The main challenges faced in processing and analyzing a large amount of image data collected from 

agricultural scenes include data quality, processing speed, and analysis accuracy. The quality of data 

directly affects the reliability of analysis results, and in practical applications, it is often difficult to 

ensure data consistency and accuracy due to various external factors such as equipment performance 

and data collection errors. In addition, processing large amounts of image data requires powerful 

computing power and efficient algorithms. The storage, transmission, and processing of data have 

become bottlenecks in technological implementation. Meanwhile, advanced data analysis, especially 

the use of machine learning and deep learning algorithms, requires specialized knowledge and technical 

support, which is a challenge for many agricultural producers. 

 

3.3 Technological Innovation and Application Expansion 

 

Computer vision technology plays a crucial role in the future development of agricultural automation, 

with technological innovation and expansion of application areas. With the continuous improvement 

of image recognition algorithm accuracy, this technology is becoming increasingly capable of accurately 

identifying and analyzing complex agricultural images, thereby improving the efficiency and 

intelligence of agricultural production. For example, by utilizing more advanced deep learning models 

such as improved convolutional neural networks, computer vision systems can more effectively process 

and interpret image data of crops in the field, identifying tiny signs of pests and diseases or signs of 

malnutrition. This not only improves the early diagnosis ability of crop diseases and pests, but also 

provides reliable data support for precision fertilization and irrigation. Meanwhile, the improvement of 

sensor technology is constantly driving the development of computer vision systems. With the 

improvement of sensor imaging quality and the reduction of costs, high-resolution cameras can be 

deployed more widely in farmland to achieve comprehensive monitoring of crop growth status. This 

technological advancement is not limited to improving the clarity of images, but also includes 

enhancing the system's adaptability to different lighting conditions and weather changes, enabling the 

system to operate stably in various environments. 

 

3.4 Future Trends in Agricultural Automation 

 

The development trend of future agricultural automation clearly points towards a more intelligent and 

efficient direction, in which computer vision technology will play a core role. With the continuous 

advancement of this technology, agricultural production will shift towards more precise and data-

driven models, significantly improving crop production efficiency and quality. Precision agriculture, 

relying on computer vision technology, will achieve precision in crop monitoring and management, 
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becoming an important direction for the development of modern agriculture. This transformation not 

only means an improvement in crop yield and quality, but also represents optimization of resource 

utilization and enhancement of environmental protection. Under this trend, agricultural automation 

systems will achieve higher levels of automation and personalization through intelligent technology. 

For example, by monitoring and analyzing crop growth data in real-time, the system can automatically 

adjust irrigation and fertilization strategies to meet the specific needs of different crops. The intelligence 

of this system is not limited to the management of crop growth stages, but will also be extended to the 

entire agricultural production chain, including pest and disease prevention, harvesting automation, and 

even storage and logistics links in the later stage. At the same time, computer vision technology will not 

only improve crop yields, but also help achieve more sustainable agricultural practices. By accurately 

monitoring the growth status of crops and environmental factors, the excessive use of water resources 

and fertilizers can be reduced, and the pressure on the environment can be alleviated. In addition, 

automation technology will not only reduce the demand for manpower, but also make agricultural 

work more humane and safe. 

 

4. Conclusion 
 

This article comprehensively explores the application, challenges, and future trends of computer vision 

technology in the field of agricultural automation, revealing its important role in modern agriculture. 

With the continuous advancement and innovation of technology, computer vision will continue to 

promote the intelligence of agricultural production, help agriculture develop towards a more efficient, 

precise, and sustainable direction, and bring revolutionary changes to the global agricultural industry. 
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