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Introduction: 

The global horticultural industry 

requires efficient quality assessment systems 

to meet increasing consumer demands for 

uniformity, safety, and premium-quality 

produce. Grading is a critical postharvest 

operation  that  involves categorizing fruits and  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

vegetables according to size, shape, colour, 

maturity, and the presence of defects. Accurate 

grading facilitates market segmentation, 

enhances consumer confidence, and improves 

economic returns for producers. 

Traditionally,      grading      has    been  
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Abstract: - 

Quality grading is an essential component of postharvest 

management that determines market value, consumer 

acceptance, and export potential of horticultural commodities. 

Conventional grading methods rely heavily on manual 

inspection, which is subjective, labor-intensive, and prone to 

inconsistencies. Recent advances in artificial intelligence have 

led to the emergence of deep learning technologies capable of 

automating grading operations with remarkable precision and 

speed. Deep learning models, particularly convolutional neural 

networks (CNNs), automatically learn complex visual 

characteristics from digital images and accurately classify 

produce according to quality standards. Applications across 

fruits and vegetables have demonstrated grading accuracies 

exceeding 90–98%, significantly improving sorting efficiency 

and reducing postharvest losses. Integration of deep learning 

with machine vision, robotics, and automated packing systems 

is transforming postharvest operations worldwide. This article 

reviews the principles, applications, implementation strategies, 

and future prospects of deep learning approaches for automated 

grading of fruits and vegetables. 
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performed through visual inspection by trained 

personnel. Although human graders possess 

substantial expertise, manual inspection is 

inherently subjective and susceptible to 

fatigue, variability, and inconsistency (Liakos 

et al., 2018). Furthermore, increasing labour 

shortages and expanding production volumes 

have intensified the need for automated 

grading technologies. 

Machine vision systems have been 

employed for several decades to improve 

grading efficiency. However, conventional 

image-processing methods often require 

manual feature extraction and struggle to cope 

with complex variations in lighting conditions, 

produce morphology, and defect 

characteristics. Deep learning has emerged as a 

revolutionary approach capable of 

automatically learning relevant features 

directly from image data, thereby overcoming 

many limitations of traditional machine vision 

systems (Kamilaris and Chan, 2018). 

Principles and Mechanisms of Deep 

Learning-Based Grading 

Deep learning is a subset of artificial 

intelligence that utilizes multilayer neural 

networks to analyze large volumes of data and 

identify complex patterns. In horticultural 

grading applications, deep learning algorithms 

process image data acquired through cameras 

and classify produce according to predefined 

quality standards. 

A typical grading system consists of 

image acquisition devices, controlled 

illumination units, computing hardware, deep 

learning models, and automated sorting 

mechanisms. Digital images are captured and 

transmitted to neural networks that analyze 

visual attributes such as colour, texture, shape, 

size, and defect characteristics. 

Convolutional Neural Networks 

(CNNs) are among the most widely used deep 

learning architectures for image-based grading. 

CNNs automatically extract hierarchical visual 

features, beginning with simple edges and 

textures and progressing toward complex 

representations of defects and quality attributes 

(Mureşan and Oltean, 2018). 

Several advanced architectures have 

been successfully employed in horticultural 

applications, including AlexNet, VGGNet, 

ResNet, DenseNet, EfficientNet, YOLO, and 

Faster R-CNN. These models facilitate image 

classification, object detection, segmentation, 

and defect localization with high precision 

(Saleem et al., 2022). 

During model development, large 

datasets containing labelled images of fruits 

and vegetables are used for training. Through 

iterative optimization processes, the neural 

networks learn to associate visual patterns with 

specific quality grades and subsequently 

perform automated predictions on previously 

unseen samples. 
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Field Applications and Quantitative 

Performance 

Deep learning technologies have 

demonstrated exceptional performance across 

a wide range of horticultural commodities. 

In apple grading systems, CNN-based 

models have accurately identified bruises, scab 

lesions, colour defects, and surface injuries 

before significant quality deterioration occurs. 

Several studies have reported classification 

accuracies exceeding 95% for apple quality 

assessment (Kamilaris and Prenafeta-Boldú, 

2018). 

Tomatoes have been extensively 

studied using deep learning techniques for 

maturity classification, disease detection, and 

quality grading. Automated systems have 

achieved accuracies ranging from 94–98% in 

differentiating ripeness stages and identifying 

defective fruits (Saleem et al., 2022). 

Mango grading systems have utilized 

deep learning models to assess colour 

development, shape characteristics, and 

surface defects. Automated classification has 

substantially improved consistency compared 

with conventional visual inspection. 

In citrus fruits, neural networks have 

effectively detected fungal infections, 

mechanical injuries, rind blemishes, and 

physiological disorders. Segmentation-based 

models enable precise localization of defective 

regions, thereby improving sorting accuracy. 

Bananas have been graded according to 

maturity stages using deep learning algorithms 

trained on colour and texture characteristics. 

Such systems support optimized harvesting 

schedules, storage management, and market 

distribution decisions. 

Major performance advantages include: 

 Classification accuracies frequently 

exceeding 90–98%. 

 Rapid processing of thousands of 

fruits per hour 

 Objective and consistent grading 

standards. 

 Reduced dependence on skilled 

labour 

 Enhanced detection of subtle defects. 

 Real-time operation in commercial 

packing facilities 

Implementation Strategies 

Commercial deployment of deep 

learning-based grading systems typically 

involves integration with conveyor-based 

sorting lines. Fruits and vegetables move 

beneath imaging stations equipped with high-

resolution cameras and controlled lighting 

systems. 

Captured images are analyzed by 

trained neural networks operating on dedicated 

computational platforms. Based on 

classification outcomes, automated actuators 

direct produce into designated quality 

categories. 
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Recent advancements in graphics 

processing units (GPUs), edge computing 

devices, and embedded artificial intelligence 

platforms have significantly improved 

processing speed and reduced operational costs 

(Liakos et al., 2018). Lightweight neural 

network architectures now allow deployment 

of deep learning systems even in resource-

constrained environments. 

The integration of robotic handling 

systems further enhances automation by 

minimizing physical damage during grading 

and packaging operations. 

Future Prospects 

The future of automated grading is 

expected to be driven by advances in artificial 

intelligence, sensor technologies, and 

computational infrastructure. 

Emerging deep learning architectures 

such as vision transformers and hybrid neural 

networks may further improve classification 

performance while reducing computational 

complexity. Transfer learning techniques are 

likely to facilitate rapid model development 

for new horticultural commodities with limited 

training datasets (Kamilaris and Prenafeta-

Boldú, 2018). 

The integration of deep learning with 

hyperspectral imaging, thermal imaging, and 

three-dimensional imaging systems may 

enable simultaneous assessment of both 

external and internal quality attributes. Such 

multimodal systems could substantially 

enhance defect detection capabilities. 

Cloud computing, Internet of Things 

(IoT) platforms, and edge intelligence 

technologies may facilitate centralized 

monitoring and real-time quality management 

across entire supply chains. Explainable 

artificial intelligence (XAI) approaches are 

also expected to improve transparency and 

user confidence in automated grading 

decisions. 

Conclusion 

Deep learning has emerged as a 

transformative technology for automated 

grading of fruits and vegetables. By enabling 

accurate, objective, and rapid quality 

assessment, deep learning systems overcome 

many limitations associated with traditional 

grading methods. Integration with machine 

vision, robotics, and automated sorting 

systems has significantly enhanced postharvest 

management and reduced quality losses. As 

artificial intelligence technologies continue to 

evolve, deep learning-based grading systems 

are expected to become indispensable 

components of modern horticultural supply 

chains, contributing to improved product 

quality, enhanced market competitiveness, and 

sustainable agricultural development. 
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