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Abstract 

The agri-food sector is undergoing a technological revolution, with computer vision emerging as a key 

enabler in the automated grading and sorting of fruits and vegetables. Traditionally reliant on labour-

intensive and subjective manual grading, the industry now leverages image processing, artificial 

intelligence, and machine learning to assess produce quality with enhanced precision, consistency, and 

efficiency. Computer vision systems evaluate features like size, shape, color, texture, and defects-

enabling real-time classification and reducing post-harvest waste. Advanced deep learning models such 

as CNNs, YOLO, and MobileNetV2 have demonstrated classification accuracies exceeding 95%, 

significantly outperforming traditional methods. These innovations not only cut operational costs but 

also improve market value, food safety, and sustainability. However, challenges like lighting 

sensitivity, high setup costs, and integration complexities persist. Despite these barriers, the 

technology’s benefits-faster throughput, reduced human error, better quality control, and enhanced 

decision-making-underscore its transformative potential. The paper explores current applications, 

underlying technologies, and prospects of computer vision in agriculture. As the sector evolves, the 

convergence of AI and imaging technologies promises to reshape food production and supply chains, 

ensuring higher standards and promoting sustainable agricultural practices worldwide. 

 

Keywords: Computer vision, fruit and vegetable grading, image processing, automated sorting 

systems, deep learning, agricultural technology, precision agriculture 

 

1. Introduction 

The agri-food sector is experiencing a significant transformation thanks to the integration of 

computer vision technology, particularly in how fruits and vegetables are evaluated for 

quality and sorted for distribution. Manual grading processes, which have been the norm, 

tend to be labour-intensive, often resulting in product evaluation inefficiencies and 

inconsistencies. Yet, due to recent progress in artificial intelligence and imaging 

technologies, automated systems are enhancing both accuracy and productivity. Consider, for 

example, the automated mango classification and grading process shown in, which uses 

sophisticated machinery to evaluate metrics such as weight, volume, and firmness. Real-time 

analysis of produce is also made easier by computer vision, decreasing waste and improving 

food safety, according to (Taneja A et al., 2023) [15]. Experts widely agree (Dadlani M et al., 

2023) [16] that these technologies could significantly change the agri-food industry. 

 

Definition of computer vision 

Computer vision is a multidisciplinary field; it allows machines to see the world and 

understand visual data, much like we humans do. These systems, using algorithms and 

models, can process images and videos. The goal? To extract useful data for tasks such as 

figuring out what an object is, classifying different items, and keeping track of movements. 

In agriculture, specifically when it comes to automated grading and sorting of fruits and 

vegetables, computer vision plays a very important role in improving quality control. It helps 

systems look at things like size, shape, color, and any surface defects, which leads to better 

and more efficient sorting. For example, using imaging tech to check different types of fruits, 

highlights how computer vision is applied in today's agricultural methods. Therefore, this 

technology doesn't just make things more productive; it also helps promote sustainability in 

how we produce food. 
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 Importance of grading and sorting in agriculture 

Grading and sorting--they're key in today's agriculture. I 

mean, it's all about making sure we've got quality produce to 

eat and sell. Retailers need to meet expectations, and 

grading helps by categorizing things by size, shape, all that. 

Plus, think of all the waste we cut down! Machine vision's 

been a game-changer too, hasn't it? Non-destructive 

assessments are the way to go, keeping the value of fruits 

and veggies up while we sort them out effectively. Reviews 

lately (D Baswaraj et al., 2023) [7] really dig into image 

acquisition and classification, exploring how these 

innovations give the grading process a boost. And don't 

forget volume determination--tech helps a ton with sorting 

accuracy, especially with stuff like multispectral scanning 

(Affeldt et al., 2009) [8]. All in all, computer vision not only 

makes things easier on the farm but also does its part for 

sustainability by wasting less food. 

 

 
 

Fig 1: Impact of computer vision on fruit grading and sorting 

 

The bar chart illustrates the impact of computer vision on 

fruit grading and sorting. It highlights significant 

improvements in various performance metrics, with sorting 

accuracy and market value preservation achieving the 

highest values, while throughput increase shows a minimal 

impact. 

 

Overview of traditional methods 

Grading fruits and vegetables has historically depended on 

manual labor and basic techniques. This dependence 

introduces limitations concerning both efficiency and 

accuracy. Human graders usually examine the produce to 

assess size, shape, color, and any surface flaws. Subjectivity 

and grader fatigue can easily lead to grading inconsistencies 

over extended work periods. In addition, current manual 

approaches may not be able to handle the processing speeds 

that modern agricultural standards need. While various 

electronic advancements help determine produce size, as 

noted in some reviews (Affeldt et al., 2009) [8], traditional 

practices still heavily influence the industry. Although there 

have been significant innovations in non-invasive analysis 

techniques-think computer vision and spectroscopy-

implementing these new systems is happening slowly 

(Hernando C, et al., 2010) [6]. This mix of traditional and 

emerging methods presents a pivotal point for enhancements 

in sorting and grading, potentially enabling automated 

solutions. The stages of mango classification, as illustrated 

in, perfectly show the shift from manual to automated 

grading systems. 

 

Purpose and scope of the essay 

This essay sets out to consider how computer vision is 

changing automated fruit and vegetable grading and sorting. 

It looks at technological advances, naturally, but also what 

these changes mean for agriculture. The essay examines 

where computer vision techniques are today and show how 

this tech improves efficiency, precision, and quality when 

food is being processed. Machine learning algorithms, along 

with imaging systems, for example, are improving produce 

quality assessment, as some works show regarding real-time 

intelligent detection equipment (Leal A, et al., 2024) [12]. 

Images, like, also offer visual representations of automated 

grading systems, emphasizing how effective fruit 

categorization and sorting happens. Ultimately, this 

exploration is meant to advocate for the use of these 

technologies, because they appear to promise great benefits 

in how we manage resources and ensure sustainability in the 

food industry. 

 

Technology Behind Computer Vision 

Computer vision advancements have really shaken things up 

in farming, especially when it comes to sorting fruits and 

veggies. Using fancy algorithms and machine learning, 

these systems can now look at produce and figure out things 

like size, shape, color, and even texture. Take, for example, 

those automated systems using cameras to sort fruit, like 

you see in (Taneja A, et al., 2023) [15]. They grab data in real 

time, which makes sorting faster and cuts down on mistakes 

people might make, boosting productivity overall. What's 

more, studies have shown that adding artificial intelligence 

to these systems helps streamline the whole supply chain 

and makes sure food is safer, so only the best stuff gets to 

your plate. All these changes show just how important tech 

is for making the agri-food industry more sustainable and 

efficient (Dadlani M, et al., 2023) [16]. It's a big deal and the 

progress keeps rolling on. 

https://www.agriculturaljournals.com/


 

~ 1058 ~ 

International Journal of Agriculture and Food Science https://www.agriculturaljournals.com 

 
 
 Basics of image processing 

Within the field of image processing, especially when it 

comes to computer vision aiding agricultural tasks, a few 

key methods form the foundation for automatically grading 

and sorting our fruits and veggies. Core techniques like 

obtaining images, making them clearer, separating objects, 

and pulling out specific details, all help systems analyze 

visual information successfully. For example, high-res 

cameras grab detailed pictures of the produce when 

acquiring an image, and enhancement methods boost image 

quality to make analysis easier. Segmentation lets us 

pinpoint individual fruits, setting them apart from 

everything else, just like in the automated sorting system 

seen in (Taneja A, et al., 2023) [15] (Dadlani M, et al., 2023) 

[16]. Feature extraction homes in on measuring traits like 

color, shape, and texture; these are vital for correctly 

classifying what we see. As AI keeps changing how we 

farm, these essential image processing steps stay incredibly 

important for keeping grading consistent and efficient. 

Machine learning algorithms used in computer vision 

When it comes to automatically grading fruits and 

vegetables, machine learning algorithms are important for 

making classification more accurate and efficient. Things 

like convolutional neural networks (CNNs) use images to 

figure out what produce is, based on color, shape, and size. 

Studies lately have shown that pre-trained models, like 

DenseNet-201 and Xception, can get classification 

accuracies of over 99% using big datasets such as Fruits-

360, which shows they're good at sorting (Salim F et al., 

2023) [11]. Also, by using image-processing techniques with 

machine learning, these systems can check things like 

firmness and even aroma, which is crucial for making sure 

fruit is good quality (Dhiman P et al., 2023) [19]. Advanced 

methods, like the ones in, illustrate that system automation, 

which is driven by machine learning algorithms, can really 

cut down on labor costs and boost how well grading is done. 

It helps deal with big problems in agricultural technology. 

 
Table 1: Machine learning algorithms in computer vision for fruit and vegetable sorting 

 

Algorithm Description Reference 

Support Vector 

Machines (SVM) 

Classifies fruits based on extracted features such as color and texture, 

achieving high accuracy in distinguishing between different quality 

classes. 

([pmc.ncbi.nlm.nih.gov] 

(https://pmc.ncbi.nlm.nih.gov/articles/P

MC11085577/?utm_source=openai)) 

K-Nearest Neighbors 

(KNN) 

Classifies fruits by comparing them to previously classified examples, 

utilizing color and morphological features extracted from images. 

([slideshare.net] 

(https://www.slideshare.net/slideshow/id

99/48623366?utm_source=openai)) 

Decision Trees 
Utilizes a series of decision rules based on extracted features to classify 

fruits into various quality categories. 

([pmc.ncbi.nlm.nih.gov] 

(https://pmc.ncbi.nlm.nih.gov/articles/P

MC11085577/?utm_source=openai)) 

Convolutional Neural 

Networks (CNNs) 

Deep learning models that automatically learn relevant features from 

image data, eliminating the need for manual feature engineering and 

achieving high classification accuracy for fruit grading. 

([saiwa.ai](https://saiwa.ai/blog/fruit-

sorting-using-image-

processing/?utm_source=openai)) 

You Only Look Once 

(YOLO) 

An object detection framework that can locate defects in fruit peels and 

determine ripeness stages, such as mid-ripened or well-ripened classes. 

([arxiv.org] 

(https://arxiv.org/abs/2101.01418?utm_s

ource=openai)) 

MobileNetV2 

A deep learning model optimized for real-time performance, achieving 

97% accuracy in classifying six types of fruit, including fresh and rotten 

apples, bananas, and oranges. 

([mdpi.com] 

(https://www.mdpi.com/2076-

3417/13/22/12504?utm_source=openai)) 

ResNet (Residual 

Networks) 

Known for exceptional accuracy in deep networks, ResNet has been 

applied in fruit sorting and monitoring tasks, achieving high 

classification accuracy. 

([xeroai.com] 

(https://xeroai.com/industries/fruit-

sorting-and-monitoring-using-deep-

learning/?utm_source=openai)) 

EfficientNet 

A family of models balancing accuracy and efficiency, applied in fruit 

sorting tasks to achieve good results while maintaining computational 

efficiency. 

([xeroai.com] 

(https://xeroai.com/industries/fruit-

sorting-and-monitoring-using-deep-

learning/?utm_source=openai)) 

 

Role of deep learning in enhancing accuracy 

Deep learning really steps up the game for computer vision 

in the automatic grading and sorting of fruits and vegetables. 

These systems, powered by advanced neural networks, can 

look at produce images and spot tiny differences in size, 

color, and blemishes. It’s like they have super-vision! In 

fact, integrating AI into agriculture has been a game-

changer for better crops and quality, helping us keep up with 

the need for safer farming methods (Kashyap GS et al., 

2024) [17]. Machine vision is also becoming a go-to for 

fixing problems with old-school harvesting, making picking 

both efficient and non-destructive (Zhang J et al., 2024) [10]. 

Harnessing deep learning, these automated grading setups 

not only make things run smoother but also ensure we're 

getting top-notch produce, marking a big step forward in 

how we handle food. Generally speaking, this tech leads to 

better food on our tables and less waste in the fields. 

The chart illustrates the performance of various deep 

learning models in fruit quality assessment. It shows the 

accuracy percentages achieved by each model, with 

DenseNet reaching 99.67%, YOLOv3 at 99%, and 

MobileNetV2 achieving a perfect accuracy of 100%. The 

dataset sizes utilized for training these models are also 

represented, highlighting the different volumes of images, 

with DenseNet using 19,526 images, while YOLOv3 and 

MobileNetV2 both used 1,000 images. 
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Fig 2 Performance of deep learning models in fruit quality assessment 

 

Hardware requirements for implementation 

When thinking about using computer vision to automatically 

grade fruits and veggies, you absolutely need strong 

hardware to get the job done right. At the core of this setup, 

high-resolution cameras are a must. Why? Because judging 

quality depends on really good pictures of the produce. 

Also, you've got to have serious processing power, like with 

graphic processing units (GPUs), to crunch all that data in 

real time. This lets machine learning algorithms do their 

thing, sorting fruits and vegetables like a pro. It's also super 

important to hook everything up to mechanical sorting 

systems. Think conveyor belts and actuators working hand-

in-hand with the computer vision data. That's how you get 

top-notch sorting speed and accuracy. You can see an 

example of this kind of setup in, where a computer vision 

system checks out fruits as they move along a conveyor belt. 

It just goes to show how all the hardware pieces need to fit 

together perfectly for smooth and efficient automated 

grading. Plus, research in (Leal A, et al., 2024) [12] and 

(Kashyap GS et al., 2024) [17] gives us even more to consider 

about matching hardware power to the latest computer 

vision methods. 

 

Applications in grading fruits and vegetables 

Within the agri-food sector, the incorporation of computer 

vision offers a truly transformative path forward for the 

grading and sorting of produce. Automated systems, 

powered by complex algorithms, bring greater efficiency 

and precision when assessing qualities such as size, color, 

and even firmness, which greatly diminishes the margin for 

human errors. Consider, for example, an automated mango 

grading setup: it doesn't just weigh the fruit; instead, it uses 

imaging techniques to determine volume, infer aroma, and 

even gauge texture, thereby conducting a complete quality 

assessment (Taneja A et al., 2023) [15]. These types of 

improvements highlight AI's potential to bring considerable 

changes to agricultural practices, improving productivity 

and simultaneously reducing waste. Systems like these are 

growing in importance, especially where maintaining high 

quality standards is important in a market that is 

increasingly shaped by consumers seeking consistent quality 

and eco-friendly practices ((Dadlani M et al., 2023)) [16]. As 

more growers implement these innovative tools, the future 

of fruit and vegetable grading can look forward to improved 

speed and reliability, resulting in a more efficient supply 

chain overall. 

 
Table 2: Computer vision applications in fruit and vegetable grading 

 

Fruit/ 

Vegetable 
Application Accuracy Source 

Lemon 
Grading and 

Sorting 
90% 

Lemon Grading and Sorting Using Computer Vision 

([mdpi.com](https://www.mdpi.com/2673-4591/12/1/55?utm_source=openai)) 

Tomato Quality Evaluation 96.47% 

Computer Vision Based Fruit Grading System for Quality Evaluation of Tomato in 

Agriculture Industry ([sciencedirect.com] 

(https://www.sciencedirect.com/science/article/pii/S1877050916001861?utm_source=openai)) 

Apple 
Defect Detection 

and Grading 
95% 

Machine Vision System: A Tool for Quality Inspection of Food and Agricultural Products 

([pmc.ncbi.nlm.nih.gov] 

(https://pmc.ncbi.nlm.nih.gov/articles/PMC3550871/?utm_source=openai)) 

Banana Grading System 96.4% 
Support Vector Machine and YOLO for a Mobile Food Grading System ([arxiv.org] 

(https://arxiv.org/abs/2101.01418?utm_source=openai)) 

Peach 
Quality Detection 

and Grading 
95.5% 

Quality Detection and Grading of Peach Fruit Based on Image Processing Method and Neural 

Networks in Agricultural Industry ([pmc.ncbi.nlm.nih.gov] 

(https://pmc.ncbi.nlm.nih.gov/articles/PMC11452848/?utm_source=openai)) 
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 Color analysis for ripeness assessment 

Employing color analysis to determine ripeness is a key step 

forward in the automated grading and sorting processes for 

fruits and vegetables. Computer vision systems, for instance, 

can examine the color characteristics of produce; this gives 

immediate insight into the quality and maturity of the 

produce being assessed. To illustrate, differences in a fruit's 

spectral reflectance can be quantified, leading to precise 

categorization that’s based on different stages of ripeness. 

This assessment accuracy improves not only sorting 

efficiency, it also minimizes waste-something vital in 

today's market where consumer demand is, generally, high. 

Furthermore, as noted in recent studies, machine vision tech 

has a transformative effect on agricultural practices. The 

tech contributes to more sustainable farming by cutting 

down on labor expenses while boosting productivity (Zhang 

J, et al., 2024) [10] (Salim F, et al., 2023) [11]. The integration 

of such technologies, through processes like those in, 

showcases the promise of food quality assurance innovation. 

 

Size and shape measurement for quality control 

In automated fruit and vegetable grading setups, getting the 

size and shape right is super important, especially for 

keeping quality consistent. Why? Because these things 

really affect what shoppers think and whether stuff sells 

[extractedKnowledge1]. So, tech like computer vision – you 

know, with 3D imaging and smart machine learning – 

makes grabbing and checking this data way easier. This 

quick checking helps spot bad bits and weird shapes, 

making sure only the good stuff gets processed. (Dhiman P 

et al., 2023) [19] (Dadlani M et al., 2023) [16]. 

 

Detection of defects and diseases 

For agricultural production, spotting defects and diseases in 

produce is essential for quality and safety. Computer vision 

methods have become key for early detection. They use 

complex algorithms to analyze visuals and find slight 

changes that suggest spoilage or disease. These systems 

look at aspects such as color, texture, and size, allowing for 

accurate assessment during processing. As noted in the 

review of non-destructive methods, image analysis and other 

advanced techniques can accurately assess both external and 

internal quality, which improves sorting accuracy and 

efficiency. Integrating these technologies into automated 

grading systems speeds up production and cuts down on 

waste by making sure only the best produce gets to 

consumers. An example of this is detailed in, where a 

computer vision model sorts mangoes by various quality 

standards, highlighting the effectiveness of automated defect 

detection. 

 

Real-time processing and feedback mechanisms 

In automated agriculture, especially for fruits and 

vegetables, real-time processing and feedback are key to 

grading and sorting. Using computer vision, systems can 

quickly assess attributes like color, size, and texture, giving 

immediate feedback on quality. This boosts efficiency and 

reduces human mistakes and damage. For example, imaging 

cameras provide constant data streams, sorting produce by 

quality standards, as shown in. AI enhances this by 

adjusting to different fruit characteristics, refining grading 

methods as discussed in (Leal A et al., 2024) [12] and (Zhang 

J et al., 2024) [10]. Consequently, these mechanisms are 

critical for transforming fruit processing into an efficient, 

accurate, and automated operation. 

 

Benefits of automated grading and sorting 

Integrating automated grading and sorting into agricultural 

workflows presents a range of advantages, primarily 

boosting both overall efficiency and, of course, food quality. 

These systems, leveraging advanced computer vision, offer 

an ability to accurately evaluate produce like fruits and 

vegetables across key attributes like size, color, and even 

texture. In most cases, this reduces potential human error 

and bias during grading. Expediting sorting is a key 

advantage, making it both cheaper and faster, while also 

cutting labor costs tied to traditional manual sorting. Current 

studies show the integration of machine learning further 

optimizes food processing. This allows for enhanced 

decision-making and precise predictions regarding produce 

quality ((Salim F, et al., 2023) [11], (Pandey VK, et al., 

2023)) [18]. The organized efficiency provided by these 

technologies in maintaining elevated benchmarks in food 

safety and high consumer satisfaction is underscored by the 

visual representation of a fruit sorting mechanism in a 

processing line (see), which plays a critical role in 

maintaining high standards in food safety and consumer 

satisfaction. 

 

 
 

Image 1: Illustration of a mechanized fruit processing system 

 

https://www.agriculturaljournals.com/


 

~ 1061 ~ 

International Journal of Agriculture and Food Science https://www.agriculturaljournals.com 

 
 
 Table 3: Benefits of automated grading and sorting of fruits and vegetables 

 

Benefit Description 

Increased 

Efficiency 

Automated systems process large volumes of produce faster than manual methods, reducing spoilage and enhancing 

profitability. For instance, optical sorting systems can handle high volumes efficiently, reducing labor dependency by 

up to 50%. ([globalgrowthinsights.com], (https://www.globalgrowthinsights.com/market-reports/automated-food-

sorting-equipment-market-104326?utm_source=openai)) 

Improved 

Consistency and 

Quality Control 

AI-powered systems maintain consistent grading standards, ensuring uniformity in product quality. This consistency 

helps build consumer trust and meets market expectations. ([linkedin.com], (https://www.linkedin.com/pulse/smart-

sorting-role-ai-agricultural-product-grading-xis-ai-hwtee/?utm_source=openai)) 

Cost Savings 

Automated sorting reduces labor costs and minimizes waste by accurately identifying and removing subpar products. 

For example, in the Netherlands, the use of automated systems led to a 30% reduction in labor costs in the tomato 

industry. ([wechronicle.com], (https://wechronicle.com/food/exploring-the-innovation-of-automated-food-sorting-

and-grading-systems/?utm_source=openai)) 

Enhanced Data 

Collection and 

Decision-Making 

Automated systems collect valuable data on product characteristics, aiding in informed decision-making and improved 

crop management. This data-driven approach supports better planning and forecasting. ([vexolabs.com], 

(https://www.vexolabs.com/blogs/how-ai-is-improving-crop-sorting-and-grading-processes?utm_source=openai)) 

Sustainability and 

Reduced Waste 

By accurately sorting and grading produce, automated systems minimize waste and reduce the environmental impact 

of agriculture. This leads to more efficient use of resources and supports sustainable practices. ([mdpi.com], 

(https://www.mdpi.com/2071-1050/16/22/10084?utm_source=openai)) 

 

Increased efficiency and speed in operations 

In agricultural automation, the enhancement of operational 

efficiency and speed is really key, most notably when 

grading and sorting produce. Integrating computer vision 

refines these operations by facilitating real-time analysis, 

speeding things up while reducing errors from people. 

Automated systems quickly check size, color, and quality, 

which accelerates decision-making and makes the workflow 

better. As noted in existing work, these advancements not 

only lower labor costs from manual grading, but they also 

lead to more consistent product quality and enhance market 

value of farm outputs, as highlighted by studies in 

automated fruit picking (Zhang J, et al., 2024) [10]. 

Additionally, using machine learning with computer vision 

sharpens sorting accuracy, which helps with more precise 

operation adjustments (Mohyuddin G, et al., 2024) [14]. The 

transition to automated sorting systems signifies a big step 

forward in agricultural efficiency, overall. 

 

 
 

Fig 3: Improvements in grading methods 

 

The chart displays improvements in fruit grading and sorting 

processes across three methods: traditional manual grading, 

automated grading with computer vision, and automated 

grading using deep learning models. It highlights significant 

increases in throughput, reduced labor requirements, and 

enhanced defect detection accuracy with the automated 

methods compared to manual grading. 

 

Reduction of human error and bias 

Employing computer vision for fruit and vegetable grading 

and sorting markedly diminishes both human error and 

inherent biases, thereby improving the precision of 

operations across the board. Manual grading, which has 

been used traditionally, often is subjective because it is 

influenced by individual human preferences and inconsistent 

standards. This subjectivity can create disparities in product 

quality and, as a result, market value. Making the transition 

to automated systems, illustrated in the sorted mango 

classification example in, replaces human judgment with 

algorithmic precision to make sure produce evaluation is 

standardized. These systems take advantage of imaging 

technology for assessing characteristics objectively such as 
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 size, color, and texture to ensure consistent sorting results. 

As automated grading progresses, it fosters an atmosphere 

that effectively does away with human biases stemming 

from fatigue, or differing levels of experience; in doing so, it 

enhances reliability and efficiency in the agricultural sector 

(Singh K, et al., 2025) [4]. Not only does this change 

maximize productivity, but it also fosters a more equitable 

and transparent grading process. 

 

Cost-effectiveness in the long run 

The ongoing cost-effectiveness of using computer vision in 

agriculture for the automated grading and sorting of produce 

like fruits and vegetables is becoming more and more 

important. Labor costs are going up, and there are demands 

for better agricultural efficiency, so using automated 

systems can cut down on the need for manual labor, as well 

as improve how accurate and fast the sorting process is. For 

example, the techniques in (Leal A, et al., 2024) [12] show 

how the industry is moving toward automation. This 

minimizes waste and maximizes the quality of produce 

through better sorting. AI-driven solutions in agriculture, 

like those in (Kashyap GS et al., 2024) [17], show how 

machine learning can optimize how resources are used, 

which lowers operational costs in the long run. A good 

visual example of this can be seen in, where a computer 

vision model sorts apples effectively, showing a practical 

way it can create economic benefits. Overall, these 

improvements show a transformative approach to 

agricultural productivity and sustainability. 

 

Improved consistency in product quality 

The use of computer vision in agriculture, specifically for 

grading fruits and vegetables, has really changed how 

consistent product quality is, offering a more efficient 

solution than the old manual ways. By using these advanced 

imaging systems, producers are better able to judge 

important qualities, like color and shape, which matter a lot 

to consumers and market standards. Take, for instance, the 

automated sorting system shown in [extractedKnowledge1]; 

it's a good example of how real-time analysis can sort 

produce more evenly, which cuts down on the differences 

you often see with manual sorting. This precision doesn't 

just make the product better; it also cuts down on waste, 

since substandard items are found and taken out right away. 

Plus, using this kind of tech fits with the broader push to 

make agricultural practices better, as noted in (Leal A et al., 

2024) [12] and (Licardo JT et al., 2024) [13]. As these 

improvements keep happening, they should keep improving 

both how efficiently and the quality in the food production 

world. 

 

Conclusion 

To summarize, deploying computer vision tech has really 

shaken up how fruits and veggies get graded and sorted on 

farms. This leads to boosted efficiency, better quality, and 

less waste. Producers can now automate a lot of stuff and 

keep product standards consistent, plus take some pressure 

off those labour-intensive manual sorting tasks. For 

instance, those automated systems, like the ones you can see 

in, show how analyzing visuals in real-time can drive 

sorting decisions based on things like color, shape, and size 

which streamlines the whole supply chain. As studies show, 

AI and computer vision advancements just keep opening 

new doors in agriculture, making things more productive 

and sustainable (Taneja A et al., 2023) [15] (Dadlani M et al., 

2023) [16]. So, this move towards automated grading is more 

than just changing how things are done; it’s a key move 

toward a more efficient food system. 

 

Summary of key points discussed 

The agricultural world has seen a revolution in fruit and 

vegetable grading and sorting thanks to computer vision 

technology. This integration boosts both productivity and 

quality control. Recent progress underscores just how 

effective non-invasive techniques like machine vision can 

be; they notably improve the accuracy of quality 

assessments for fruit, reducing human error in most cases 

(Hernando C et al., 2010) [6]. Discussions often highlight 

process automation, particularly systems using sophisticated 

algorithms for real-time data analysis and decision-making. 

Take, for example, automated sorting lines, such as the one 

illustrated in, showing how visual analysis can streamline 

categorization in commercial environments, lowering waste 

and ensuring product quality consistency. Furthermore, 

exploration into challenges-like the variability in fruit 

appearance and the necessity for advanced machine learning 

models-point toward promising areas for future research (D 

Baswaraj et al., 2023) [7]. Ultimately, incorporating these 

technologies seems set to enhance the efficiency of fruit and 

vegetable processing operations quite a bit. 

 

 
 

Image 2: Automated sorting system utilizing computer vision for efficient categorization. 
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 Prospects of computer vision in agriculture 

The outlook for computer vision in agriculture appears 

bright, especially concerning the automated grading and 

sorting of produce, as farming methods advance. The 

deployment of cutting-edge robotic solutions is poised to 

revolutionize specialty crop output, boosting both 

effectiveness and quality assurance within farming 

operations. Automation of grading, now possible through 

sophisticated image processing by computers, tackles the 

challenge of labor scarcity and guarantees better product 

sorting, which lowers market waste due to inadequate 

quality control (Nandhini E et al., 2024) [2]. The application 

of deep-learning innovations to computer vision also allows 

for improved precision in pinpointing ripe produce, thus 

optimizing harvesting and sorting procedures (Barbosa MR 

Júnior et al., 2024) [1]. This blending of robotics and 

computer vision places agriculture at the cusp of a ground-

breaking period, promoting resilient approaches and 

strengthening total productivity in food manufacturing 

frameworks. 

 

 
 

Fig 4: Comparison of grading methods 

 

Download the chart 

(sandbox:/mnt/data/grading_methods_chart.png) This chart 

compares three grading methods based on throughput, labor 

required, and defect detection accuracy. Traditional manual 

grading shows lower throughput and requires more labor, 

whereas automated grading methods significantly enhance 

throughput and accuracy while minimizing labor needs. 

 

Challenges and limitations to consider 

Real-world application of computer vision in the automated 

grading and sorting of produce comes with a few notable 

hurdles and limits that should be carefully considered. A key 

challenge is the system's overall ability to thoroughly assess 

and classify a range of different fruits and vegetables when 

lighting and other factors may not be ideal, which in turn 

can reduce image clarity and system dependability. In 

addition, integrating complex tech things like machine 

learning and intricate image processing takes significant 

money and know-how, resources that might be hard to find 

for all growers [Extracted Knowledge1] Plus, there's a 

chance that leaning too hard on automation might cause 

problems where the system misses subtle signs of quality 

that human graders notice without even thinking. It's also 

difficult to make sure the system works equally well with all 

kinds of produce. These challenges underline just how 

important it is to confront operational and technical issues to 

actually get the most from automated grading systems in 

agriculture (Taneja A et al., 2023) [15]. 

 

Table Challenges and limitations in computer vision for automated fruit and vegetable grading 
 

Challenge Description 

Variability in Fruit 
Characteristics 

Fruits exhibit significant natural variability, even within the same variety, complicating accurate classification and grading. This 

variability can lead to misclassification and reduced system reliability. 

([easyodm.tech] (https://easyodm.tech/fruit-grading/?utm_source=openai)) 

Sensitivity to Lighting 
Conditions 

Computer vision systems are highly sensitive to changes in illumination, which can affect image quality and grading accuracy. 

Consistent lighting is essential for reliable performance. 

([pmc.ncbi.nlm.nih.gov] (https://pmc.ncbi.nlm.nih.gov/articles/PMC10117807/?utm_source=openai)) 

High Initial Setup Costs 
Implementing machine vision-based grading systems requires substantial investment in equipment and infrastructure, posing financial 

challenges, especially for small-scale farms. 

([opencv.ai](https://www.opencv.ai/blog/computer-vision-in-agriculture-challenges-solutions?utm_source=openai)) 

Data Collection and 

Annotation Difficulties 

Gathering and annotating large, diverse datasets for training models is labor-intensive and time-consuming, potentially delaying 
system deployment. 

([opencv.ai](https://www.opencv.ai/blog/computer-vision-in-agriculture-challenges-solutions?utm_source=openai)) 

Integration with 
Existing Systems 

Integrating computer vision systems into existing agricultural workflows can be complex, requiring significant adjustments to current 

processes and potential retraining of personnel. 
([researchgate.net](https://www.researchgate.net/publication/387434581_Optimizing_Quality_Control_A_Comprehensive_Analysis_

of_Computer_Vision_Methods_for_Assessing_Vegetables_and_Fruits?utm_source=openai)) 
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 Final thoughts on the impact of technology on food 

production 

To summarize, the use of technology in how we grow food, 

especially using computer vision to automatically grade and 

sort what we harvest, is a major step forward for agriculture. 

This progress makes things more efficient and accurate, so 

that consumers mostly get the best stuff. Being able to 

quickly check many things about fruit-like how big it is, 

how much it weighs, and its color-makes sorting easier and 

cuts down on how much we spend on labor, which helps 

make our food systems more sustainable. The photo 

showing how mangoes are graded shows pretty clearly how 

automation helps with careful evaluations, hinting at even 

more uses for different kinds of food. Furthermore, as noted 

in the research, understanding AI and being able to read data 

is really important for how we teach kids in the future; it 

means we need to get students ready to use these 

technologies (Kim J et al., 2022) [20]. In most cases, 

continued studies and improvements in these areas will keep 

changing how food is made, making sure it's both efficient 

and good quality as the industry changes (Dadlani M et al., 

2023) [16]. 

 

 
 

Image 3: Diagram of automated mango classification and grading process 
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