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Abstract. Population ageing has become a challenge faced by most developing
countries in recent years, and for developing countries where agriculture is the
supporting industry, the need for a large number of labourers to carry out
agricultural operations is an inevitable requirement for the long-term stable
development of their agriculture. Agricultural robots based on visual
recognition technology will greatly reduce the impact of the aging population
on agricultural production, and at the same time can improve the efficiency and
quality of agricultural production. The application and development trend of
visual recognition technology in modern agriculture is examined in a
comprehensive overview and analysis provided in this paper. Firstly, the
application of visual recognition in modern agriculture is studied and analyzed
around computer vision and related visual recognition algorithms. After that,
the main problems in its application are discussed. And finally, an outlook on
the future development trend of visual recognition in agriculture is presented in
order to provide a reference for the future in-depth application of visual
recognition in agriculture.
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1 Introduction

Nowadays, population development in most developing countries has entered an
ageing stage, and for developing countries whose main focus is on agricultural
development, their agricultural workforce will undoubtedly be affected by the ageing
of the population. However, the need for intense physical labor in traditional
agricultural machine operations has not diminished, which makes long-term
stabilization of agriculture challenged.
From the engineering aspect, we can solve this problem by developing

high-efficiency and high-quality agricultural automation robots. Such that all links in
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agricultural production are changed from being dominated by humans to being
dominated by human-controlled robots. This reduces labor inputs and increases
productivity at the same time. Among all the key technologies, visual recognition
technology can not only provide technical support for agricultural mechanized
production but also control the quality of agricultural products safely and efficiently.
In the marketing of agricultural products, information-integrated visual recognition
technology can protect the overall quality and commodity value of agricultural
products.
Visual recognition early in the field of agriculture is mainly studied in the

agricultural robotics-related technology, economic feasibility, potential, prospects,
and other macro issues. In recent years, visual recognition technology has been
applied more to crops that are difficult to grow and harvest. Visual recognition goes
deeper in serving agricultural production. Therefore, the development of visual
recognition technology in agriculture will become a crucial topic. The crucial role of
visual recognition technology in agriculture is inextricably linked to its practicality
and reliability. For example, visual recognition of plant diseases has played a great
role in plant disease diagnosis, resulting in a significant increase in crop yields [1].
It can be seen that visual recognition has crucial, practical, and reliable

characteristics in the field of agriculture, and it is of practical significance to research
and analyze its application in agriculture at this stage and prospect the development
trend. Therefore, this paper firstly focuses on computer vision and related visual
recognition algorithms to research and analyze the usage of visual recognition in
modern agriculture. Secondly, the main problems of the usage of visual recognition in
agricultural production are discussed. Finally, an outlook on the future development
trend of visual recognition in agriculture is proposed, with a view to providing
references for the in-depth application of visual recognition in agriculture in the
future.

2 Technical architecture

2.1 Computer vision

As an emerging inspection method, visual recognition technology has found an
increasingly wide utilization in modern agriculture. By employing an image sensor
that replaces the visual function of human, this technology has the capability to
capture image information of the object and convert it into a data matrix. After that,
the data is processed and identified computationally, with the option to magnify key
information according to needs [2]. This ensures the precise analysis of target features
and the extraction of effective information, making it possible to control the growing
environment and state of agricultural crops.

2.2 Components of a computer vision system

A computer vision system is mainly composed of visual sensors, lighting units, an
image acquisition system, a specialized image processing system, and other modules.
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The visual sensor is a crucial device for capturing images. It can be classified based
on the type of light-sensitive devices, such as CMOS and CCD sensors. Additionally,
the captured light's wavelength can range from near-infrared to visible, ultraviolet,
hyperspectral, and other categories. The lighting unit varies greatly in different
environments when used. And for the visual recognition system in modern
agriculture, the natural light has a significant impact on the lighting unit. Therefore,
the selection of appropriate light sources is indispensable for making visual
recognition in modern agriculture a success.

2.3 Categorization of computer vision systems

Monocular vision technology: As the foundation of other vision technologies,
monocular vision technology refers to capturing images through a single camera. It is
economical and is simple in structure. The advantage of monocular vision technology
is that localization can be accomplished with only a single image, without the
requirement for intricate image matching. Due to its simple structure, advanced
algorithms, and minimal computation, monocular vision technology has enjoyed
widespread popularity among intelligent robotics, specifically for target ranging and
indoor localization with regard to monocular features. However, monocular vision
technology has limitations when it comes to complex perceptual needs because it
perceives a single channel of information. Therefore, in most cases, monocular
cameras must collaborate with other sensors such as ultrasound and infrared.
Binocular stereo vision technology: Binocular stereo vision is a significant type of

machine vision that relies on the parallax principle. This technology enhances the
accuracy of visual recognition, but it requires a higher level of computational power.
It captures two images of the tested object from distinct positions by using imaging
equipment and calculates the positional deviation between corresponding points of the
pictures to obtain its three-dimensional geometric information. When the binocular
stereo vision technology is applied, the spatial position relationship between two
cameras must be known accurately. At the same time, to gain access to more accurate
three-dimensional information of the visual scene, two cameras at different locations
must simultaneously capture the same scene and then perform a complex matching of
the resulting two images. Binocular stereo vision technology has been extensively
used in mobile robot localization, obstacle avoidance, and map construction.
However, the main issue with binocular stereo vision technology is the matching of
corresponding points, which significantly restricts its future development in robotics.
Hybrid vision technology: Based on monocular vision technology, hybrid vision

technology integrates additional sensing technologies such as sound, temperature, and
infrared to enhance the precision and stability of images. It is efficient and has a wide
application. For instance, in the automatic driving detection system, monocular vision
technology is combined with LiDAR to accurately locate the target and identify its
image features, which enhances the reliability of the detection process. In certain
inspection scenarios, color cameras and long-wave infrared cameras are combined to
perceive dimensions, abnormal responses, high temperatures, and other conditions.
The sensing capabilities of smart devices will be enhanced by combining various
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sensing sensors with vision technology. This approach is tailored to the needs of
specific application scenarios.

2.4 Visual recognition technology

Visual recognition technology refers to using cameras and computers to identify,
track and measure objects instead of relying on the human eye. Then the target
graphics are turned into images that are appropriate to observe or to transmit to an
equipment for detection. Figure 1 shows the process of how the visual recognition
technology is implemented.

Fig. 1. The process of visual recognition technology. (Photo/Picture credit :Original)

The objective of computer vision recognition is to extract object-related information
from two-dimensional images captured by the camera and then categorize it. The
process of visual recognition technology is mainly composed of five steps: image
acquisition, image preprocessing, feature extraction, feature classification, and
recognition result output.
Image acquisition: The target image is captured through various devices and then

converted into a digital format suitable for interpretation and processing via computer.
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Image pre-processing: To ensure the quality of the captured images for subsequent
processing, image pre-processing is imperative. Pre-processing includes noise
reduction, image quality enhancement, geometric distortion correction, pixel
adjustment, and so on.
Feature extraction: Feature extraction refers to extracting the representative

features from an image through various image processing techniques, such as color
extraction, contour extraction, edge extraction, and so on. The algorithms of
extraction include Scale-Invariant Feature Transform, Speeded Up Robust Features,
and Histogram of Oriented Gradient. To enhance the recognition rate of diverse
targets, feature extraction must be accompanied by both localization and invariance of
image features.
Feature classification: After the feature extraction, the computer matches and

compares the extracted features with the pre-trained model for classification, this
process is called feature classification. The algorithms of classification include the
machine learning algorithm (Support Vector Machine, Random Forest) and the deep
learning algorithm (Convolutional Neural Networks). During the classification, to
ensure the accuracy and reliability of the identification outcomes, evaluating and
verifying them is necessary.
Recognition result output: Based on the results of feature classification, output

recognition outcomes for visual recognition.

3 Visual recognition technology for modern agriculture

With the development of visual recognition technology, both traditional recognition
algorithms and deep learning-based recognition systems have found widespread use
in a variety of fields of modern agricultural production, and have been continuously
improved and promoted.

3.1 Fruit picking recognition

Visual recognition technology is widely used in agricultural picking robots to identify
and distinguish fruits for automatic picking and harvesting.
In 2019, Yu et al. used the Mask-RCNN algorithm to identify mature strawberries.

By using the feature pyramid (FPN) network for feature extraction, the merging of
multiple-scale features of color, shape, and texture was realized, and the precision rate
reached 95.78 % [3].
In 2021, algorithm YOLOv4 was enhanced by Zhang Qin et al. to recognize the

picking points of tomato bunches, combining the YOLOv4 algorithm with the
RGB-D depth image information and using traditional algorithms such as depth
segmentation and clustering algorithms, to realize the identification and localization
of tomato picking points, and the recognition success reached 93.83% [4]. To
recognize apples, Yan et al. suggested an enhanced YOLOv5 method which can
identify apples that can be picked and apples that cannot be picked due to branch
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occlusion. Its mAP reaches 86.75 %, which outperforms the original YOLOv5
algorithm by 5.05% [5].
In 2022, Xu et al. proposed an improved Mask-RCNN algorithm to identify cherry

tomatoes, combining RGB and depth information, and overcoming the constraints
brought on by the disparity in fruit and stem size by multi-task loss equalization and
adaptive feature pooling. The recognition accuracy of the fruit reached 93.76 %,
which was 11.53 % higher than the standard Mask-RCNN algorithm [6]. The
precision of the algorithm keeps getting better as it is developed and improved, but it
also faces problems such as too many parameters, large models that are difficult to
embed, and poor real-time performance. Therefore, the lightweight of network model
is a key research direction.
In 2023, Cong et al. proposed a lightweight YOLOv3 algorithm to detect shiitake

mushrooms, employing the lightweight GhostNet16 backbone network as opposed to
DarkNet53. This model's mAP is 97.03%, which is 2.04 % more than the original
model's, and the parameter is 29.8 M, which is 2.08 times lower than that of the initial
design. This offers a crucial theoretical foundation for robotically picking fresh
mushrooms [7]. An enhanced YOLOv5s model was proposed by Zhang et al. to
identify peppers. The size of the new model was 46.6% less than the old model, and
the identification speed was increased from 29 milliseconds per frame to 14
milliseconds per frame. At the cost of reducing mAP by 1.3 %, the model running
speed is greatly improved [8]. Wang et al. employed the YOLOv7-tiny model to
realize the recognition of dragon fruit with different postures. The classification
accuracy of dragon fruit from positive and lateral perspectives was 80.4 %. Compared
with EfficientDet, SSD, Faster-RCNN, and CenterNet algorithms, it has significant
advantages. It provides an effective reference for the identification of multi-pose
crops [9].

3.2 Growth process detection

In addition to the recognition of fruits by picking robots, visual recognition is also
used in the detection of crop growth process to achieve timely regulation of crop
growth environment, disease control or timely picking according to different growth
conditions of crops, so as to ensure high yield and high quality of crops.
In 2018, Long et al. used Alex Net and transfer learning methods to learn and

identify the disease characteristics of Camellia oleifera. Through transfer learning, the
model's categorization capability and convergence speed both increased, and the
over-fitting phenomenon was avoided through data expansion. The classification's
rate of accuracy reached 96.53 %, and the average F1 of the five common diseases
reached 96.5 % [10].
In 2021, Mask-RCNN model was employed by Rehman et al. to identify apple leaf

diseases with an optimal accuracy of 96.6% by stretching the image contrast
enhancement [11]. Lu et al. used the method of combining YOLOv3 algorithm and
manual features to identify the maturity of winter jujube, and mAP reached 94.78 %.
The maturity classification accuracy reached 97.28 %, which can accurately identify
the maturity of winter jujube and meet the requirements of timely picking [12].
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In 2022, Chen et al. improved the EfficientDet algorithm to detect the ripeness of
olive fruit trees by introducing the convolutional attention module (CMBA), which
solved the problem that the difference between the characteristics of neighboring ripe
fruits was not obvious and difficult to identify, and, in the test, the recall rate was
93.59% and the precision rate was 92.89%. [13]. Wen et al. proposed the
AD-YOLOv3 algorithm to detect the disease of Panax notoginseng leaves, and
replaced the original feature pyramid of YOLOv3 with the attention feature pyramid
(AEP), which solves the interference issue with feature fusion. Compared with
YOLOv3, the new algorithm's accuracy has increased by 2.83%, and the accuracy of
F1 is improved by 1.68 %, which provides a better recognition algorithm for pest
detection [14]. Fan et al. implemented ripeness grading of strawberries using
YOLOv5 combined with dark channel enhancement with training accuracy above
85% and testing accuracy above 90% [15].
In 2023, Song et al. proposed an improved YOLOv7 algorithm to recognize and

distinguish apples at the young fruit stage, inserting a fusion efficient channel
attention (ECA) mechanism to solve the problem of small variability of fruit and leaf
colors, tiny size and dense distribution, which makes it difficult to recognize. The
mAP reaches 98.6% and F1 reaches 94.8% under severe occlusion, realizing better
robustness to the effects of scene blurring and severe occlusion with guaranteed
accuracy [16].

3.3 Agricultural machinery assistance

Vision inspection technology can also assist agricultural machinery in path planning,
weeding, precise irrigation, and other operations to achieve higher operational
efficiency.
In 2020, Guan et al. used a threshold algorithm to identify the area boundaries with

the help of the color difference between before and after harvesting of the rice field,
and provided a target path for the rice harvester for subsequent operations, which is
expected to improve the operation efficiency [17]. In 2021, Chang et al. used the
YOLOv3 model to realize precise irrigation of orchid seedlings, with watering
success rates of 82% and 83.3% for single and multiple pots, respectively. It can
effectively reduce the waste of water resources [18]. Xu et al. proposed an improved
Xception model to identify weeds, and downsampled the final convolution layer using
global maximum pooling layer. The average test recognition accuracy of 8 types of
weeds and seedling corn under natural conditions reached 98.63%, which provided
technical support for accurate weeding [19].

4 Discussion

4.1 Limitation analysis

At present, although the visual recognition technology is developing rapidly, it still
faces problems such as the natural environment affecting the quality of image
acquisition, the characteristics of crop growth increasing the difficulty of visual
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recognition, the existing algorithms are difficult to balance the accuracy, the
recognition speed and lightweight, and the over-fitting phenomenon still exists.
First of all, the variations in the natural environment's wind and lighting negatively

impact the speed and accuracy of visual recognition as well as image acquisition.
Secondly, the crops are generally dense, the stems and leaves are intertwined, and the
fruits are superimposed on each other, so that the recognition object faces various
occlusions. At the same time, the complexity of crop growth posture and growth
status distribution will also affect the accuracy of visual recognition. Then, with
traditional recognition algorithms often struggling to meet recognition needs in
complex natural environments, visual recognition based on deep learning began to be
applied in large numbers. However, with the continuous improvement of various
improved algorithms, many algorithms have begun to face the problem that the model
is huge, which makes it difficult to deploy to embedded devices and has poor
real-time performance. Lightweight has become a new practical demand. Finally,
when the training set samples are too few, the noise is too large or the number of
weight learning iterations is too many, the over-fitting phenomenon will occur during
the test, which puts forward higher requirements for model training.

4.2 Future development

Intelligentize: In the future, agriculture is bound to benefit from the use of robots
equipped with visual recognition technology, which can provide high-resolution
images for agricultural production. If the robots are integrated with real-time data on
crops and soil collected through sensors, they will be capable of monitoring crop
growth and predicting pests and diseases accurately. Meanwhile, the robots can
provide smart management and strategic decision for agriculture by analyzing crop
growth, soil moisture, weather changes, and other factors. The combination of visual
recognition technology and machine learning algorithm makes it possible to predict
and diagnose the crops’ growth status, pests, and diseases by using a large amount of
historical data, which will help farmers better manage their crops.
Efficient: The implementation of visual recognition technology will greatly

improve the efficiency and quality of agricultural production. Agricultural robots
utilize a vision system to recognize and classify crops. They can take over various
agricultural tasks in farm fields such as planting, spraying pesticides, and harvesting,
which were previously performed by humans. This change will significantly alleviate
farmers' labor burden and enhance the efficiency and precision of operations, making
agricultural production more efficient.
Environmental: Visual recognition technology will support the implementation of

precision agriculture and enhance the capacity to personalize the management of
crop-specific demands for certain crops. In the future, farmers will be able to provide
optimal irrigation, fertilization, spraying, and other treatments for their crops based on
specific requirements. It means that visual recognition technology will not only
enhance the productivity and quality of crops, but also minimize wastage of resources
and mitigate adverse environmental effects.
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5 Conclusion

The application and development trend of visual recognition technology in modern
agriculture is examined in a comprehensive overview and analysis provided in this
paper. In this paper, on the basis of introducing the system composition and
classification of computer vision technology, the application of visual recognition
technology in modern agriculture is researched through three application areas,
namely, fruit picking recognition, growth process detection, and agricultural
machinery assistance. Among them, there are more applications in recognition of fruit
picking, and recognition of various types of crop fruits has been able to achieve a high
accuracy rate. Applications in the field of growth process detection are mainly
centered on detecting pests and diseases and identifying crop growth cycles, which
are promising. The application in the field of agricultural machinery assistance is less
at present, mainly focusing on helping agricultural machinery to realize precise
spraying, weeding, and planning the operation path, and there is still more space for
exploration. Although visual recognition technology has been applied in the above
fields, it still faces problems such as the natural environment affecting the quality of
image acquisition, the growth characteristics of crops increasing the difficulty of
visual recognition, the difficulty of existing algorithms to take into account the
accuracy, recognition speed, and lightweight, and the existence of overfitting
phenomenon. Solving these problems will be the key to technological improvements
in visual recognition in agriculture. In the future, visual recognition will make
agricultural production present intelligent, efficient, and environmentally friendly
development trend, in the field of agriculture still has a greater potential for
development.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.
        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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