Publisher Name: MKS Publication
Editorial Book: Artificial Intelligence and Machine Learning Applications
ISBN: 978-81-994361-0-7

Chapter 2

Artificial Intelligence and Machine Learning: Principles and
Applications to Agricultural Produce Quality Determination

Rotimi Rufus Dinrifo'” and Taiwo Bosede Ajayi’

L Department of Agricultural and Biosystems Engineering, Lagos State University of Science and Technology, Lagos, Nigeria.
2University Library, Lagos State University of Science and Technology, Ikorodu, Lagos, Nigeria.
*Corresponding Author.

Abstract

The growing use of Artificial Intelligence (AI) and Machine Learning (ML) is changing agricultural production systems
worldwide. These technologies offer new solutions to various long-standing issues in agriculture, especially in assessing
produce quality. Historically, quality evaluation depended on manual inspections and lab methods, which can be slow,
subjective, and often damaging. Al-driven methods provide a faster, more accurate, non-invasive, and cost-effective way to
assess quality. This chapter explains the basic concepts and principles of Al and ML and explores how these technologies
are used to determine the quality of agricultural products. Important tools and techniques such as machine vision systems,
deep learning models, sensor technologies, predictive analytics, and intelligent decision-support systems are considered. The
chapter also highlights real-world applications for evaluating fruits, vegetables, grains, and livestock products through selected
case studies. Lastly, it addresses the current challenges in using Al for agricultural quality assessment and discusses future
opportunities for enhancing smart, data-driven quality management systems in farming.

Keywords: Artificial Intelligence, Machine Learning, Agricultural Quality Assessment, Machine Vision, Deep Learning,
Precision Agriculture.

Introduction

Agriculture is critical for global food security, supporting livelihoods and driving economic growth (Pawlak & Kotodziejczak, 2020; Islam,
2025). As populations grow and demand for high-quality food rises, reliable and efficient methods for assessing agricultural produce quality
are more important than ever. Traditionally, quality evaluation has relied on visual inspection and manual grading done by trained workers.
These methods have been standard for years, but they are labour-intensive and time-consuming. They are also subjective and inconsistent
due to human judgment and fatigue (Naranjo-Torres et al., 2020; Bhargava & Bansal, 2021).

Recent advancements in Artificial Intelligence (AI) and Machine Learning (ML) are revolutionizing how agricultural products are
assessed and managed. By using large datasets, complex algorithms, imaging technologies, and sensor systems, Al solutions can automatically
inspect, classify, grade, and predict the quality of agricultural produce with impressive accuracy (Bhargava & Bansal, 2021; Kamilaris &
Prenafeta-Boldu, 2018). These technologies can analyse key quality traits such as size, shape, colour, texture, ripeness, disease signs, and
even internal chemical makeup without harming the products (Elmasry et al., 2012).

Adopting intelligent quality assessment systems provides major advantages throughout the agricultural value chain. Farmers can make
informed harvesting choices, processors can enhance product consistency, distributors can lower post-harvest losses, retailers can uphold
higher quality standards, and consumers can enjoy safer, more reliable food products. Additionally, Al-driven quality assessment helps
reduce food waste, boost operational efficiency, and raise the market value of agricultural goods (Agrawal et al., 2025). As the agricultural
sector continues to embrace digital change through Industry 4.0 and the new Agriculture 5.0 model, intelligent quality assessment systems
are becoming vital tools for creating more sustainable, productive, and resilient food systems (Hassoun et al., 2024).

Implementing intelligent quality assessment systems is crucial as the agricultural sector increasingly adopts digital innovations through
Industry 4.0 and the emerging Agriculture 5.0 model. These systems are becoming essential tools for developing more sustainable food
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systems (Javaid et al., 2022; Klerkx et al., 2019).
Conceptual Foundations of Artificial Intelligence and Machine Learning

Artificial Intelligence

Artificial Intelligence (Al) refers to the ability of computer systems and machines to perform tasks that usually require human intelligence
(Kamilaris & Prenafeta-Boldd, 2018). These tasks include learning from experience, recognising patterns, making decisions, solving
problems, understanding language, and interpreting visual information. By using advanced algorithms and computational models, Al systems
can process large amounts of data, identify meaningful connections, and generate insights that aid smart decision-making. In recent years, Al
has become a key driver of innovation in various fields, including agriculture, healthcare, manufacturing, and transportation. In agriculture,
Al technologies are increasingly used to boost productivity, optimise resource use, and improve the quality assessment of agricultural
produce.

Al is generally divided into three main categories based on its abilities (Gill, 2016; Sarker, 2022): narrow, general, and super.

Narrow Al, or Weak Al, is designed for specific tasks within a limited scope. These systems excel at functions such as fruit grading,
disease detection, yield prediction, and assessing agricultural product quality. Most current Al applications in farming fall into this category
since they are efficient in tackling well-defined problems.

General Al refers to a more advanced type of artificial intelligence that can handle a wide range of cognitive tasks like a human. These
systems can reason, learn, adapt, and apply knowledge in various situations. Although there has been significant progress in Al research,
General Al remains more of a goal than a working reality.

Super Al represents a theoretical stage of artificial intelligence where machine intelligence would exceed human intelligence in almost
all areas, including creativity, reasoning, decision-making, and emotional understanding. Although Super Al is a popular topic in academic
discussions and futuristic studies, it does not exist at this time and remains a theoretical idea. Currently, agricultural applications mainly use
Narrow Al systems because they are effective, practical, and well-suited to specific challenges like assessing produce quality, monitoring
crops, and diagnosing diseases.

Machine Learning

Machine Learning (ML) is a specific area of Artificial Intelligence that enables computers to learn from data and improve performance
without needing explicit programming for every task. Instead of following preset rules, machine learning algorithms identify patterns and
connections in data and use these insights to make predictions or decisions (Niazian & Niedbata, 2020). The effectiveness of machine
learning largely depends on the availability of quality data. As more data is collected and analysed, ML models become more accurate and
reliable, making them valuable for agricultural quality assessment and management.

A typical machine learning process includes several key stages (Liakos et al.2018; Bhargava & Bansal, 2021; Patricio & Rieder, 2018;
Misra et al., 2022).

* Data Collection: Gathering relevant data from sources like sensors, cameras, drones, lab tests, and farm records.

* Data Preprocessing: Cleaning, organising, and preparing the data to eliminate errors, inconsistencies, and missing values.

 Feature Extraction: Identifying important characteristics or attributes, such as colour, texture, shape, moisture content, or disease
symptoms, relevant to the problem being addressed.

* Model Training: Using historical data to teach the algorithm how to recognise patterns and connections.

* Model Evaluation: Testing the trained model to assess its accuracy, reliability, and overall performance.

¢ Deployment: Implementing the model in real-world environments to support decision-making and automate quality assessment tasks.

Through this systematic approach, machine learning systems continually enhance their predictive abilities, enabling more accurate,
efficient, and data-driven agricultural management practices.

Types of Machine Learning

Machine learning methods can be broadly divided into three main types: supervised learning, unsupervised learning, and reinforcement
learning. Each type differs in how data is processed and how learning occurs, making them suitable for various agricultural applications.

¢ Supervised Learning & Specific Algorithms (SVM, Random Forests, Neural Networks)

Supervised learning is the most common machine learning method used in agricultural quality assessment (Liakos et al., 2018).)
In this approach, algorithms are trained on labelled datasets, in which the correct outputs or classifications are already known.
By understanding the relationship between input data and expected outcomes, the model can accurately predict or classify new
observations.

In agriculture, supervised learning is widely used for tasks like fruit classification, produce grading, and disease diagnosis. For
instance, a model can be trained using thousands of labelled images of healthy and diseased fruits, allowing it to recognize disease
symptoms in new images. Common supervised learning algorithms include Support Vector Machines (SVM), Random Forests,
Decision Trees, and Artificial Neural Networks. These techniques have proven highly successful in improving the accuracy and
consistency of agricultural quality evaluation.

¢ Unsupervised Learning
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In contrast to supervised learning, unsupervised learning works with unlabelled data. The goal is to discover hidden structures,
patterns, or relationships within the dataset without predefined categories or outcomes (Chlingaryan et al., 2018). In agricultural
systems, unsupervised learning can group produce with similar traits, identify market segments, and analyse consumer preferences.
For example, fruits can be clustered by colour, size, texture, or chemical composition, highlighting natural groupings that can aid
grading and marketing decisions. Popular unsupervised learning techniques include K-Means Clustering, Hierarchical Clustering, and
Principal Component Analysis (PCA). These methods are particularly useful when dealing with large amounts of data but limited
labelled examples.

Reinforcement Learning & Robotics / Smart Automation

Reinforcement learning is inspired by how humans and animals learn through trial and error (Abdul Razak et al., 2024). In this
approach, an intelligent agent interacts with its environment, receives feedback in the form of rewards or penalties, and gradually
learns the best actions to achieve specific goals. Although still in the early stages of agriculture, reinforcement learning has significant
potential in areas such as autonomous harvesting robots, smart storage management systems, and optimization of agricultural
processes. By continually learning from environmental conditions and operational outcomes, these systems can enhance efficiency
and decision-making over time.

Al & ML Algorithms Used in Agricultural Produce Quality Assessment

The effectiveness of Al-driven quality assessment systems largely depends on the algorithms used to analyse and interpret agricultural data.
Over the years, several machine learning and deep learning algorithms have demonstrated exceptional performance in evaluating produce
quality, detecting defects, predicting shelf life, and supporting decision-making across the agricultural value chain.

Support Vector Machine (SVM)

Support Vector Machine (SVM) is one of the most widely used supervised machine learning algorithms for classification and pattern
recognition tasks (Biplob et al., 2024). The algorithm works by identifying the optimal boundary that separates different classes of data,
making it particularly effective for quality assessment applications where accurate classification is essential. One of the major strengths of
SVM is its ability to deliver high classification accuracy even when working with relatively small datasets. It is also highly effective in
handling complex and multidimensional data, which are common in agricultural quality evaluation.

In agricultural applications, SVM has been successfully used for fruit grading, disease detection, defect identification, and quality
classification. For example, SVM models can distinguish between healthy and diseased fruits or classify produce into different quality grades
based on visual and spectral characteristics.

Random Forest

Random Forest is an ensemble learning algorithm that combines multiple decision trees to improve predictive performance and reduce
classification errors (Nguyen et al., 2023). Rather than relying on a single decision tree, Random Forest aggregates the predictions of many
trees, resulting in more reliable and robust outcomes.

This algorithm is particularly valued for its ability to handle large and complex datasets while minimizing the risk of overfitting. It also
performs well when analysing data with numerous variables and interactions.

In agricultural quality assessment, Random Forest models are commonly employed for produce classification, quality prediction, disease
diagnosis, and yield forecasting. Their ability to process large amounts of agricultural data makes them especially useful in precision
agriculture and smart farming applications.

Artificial Neural Networks (ANN)

Artificial Neural Networks (ANNs) are computational models inspired by the structure and functioning of the human brain. They consist of
interconnected processing units, or neurons, that work together to identify patterns and learn from data (Abdul Razak et al., 2024). ANNs
can model complex relationships between input and output variables, making them suitable for a wide range of agricultural applications. In
produce quality assessment, they have been widely used for grading agricultural products, predicting quality attributes, estimating shelf life,
and detecting defects (Olunloyo et al., 2011). Because of their adaptability and learning capabilities, ANNs often provide more accurate
predictions than traditional statistical methods when dealing with nonlinear agricultural data.

Deep Neural Networks

Deep Neural Networks (DNNs) represent an advanced form of neural networks characterized by multiple hidden layers that enable the
extraction of increasingly complex features from data. Unlike traditional machine learning models that often require manual feature
selection, DNNs can automatically learn relevant features directly from raw data. This capability has made them particularly effective
for image-based agricultural quality assessment. Deep neural networks support real-time classification, automatic feature extraction, and
large-scale deployment, making them ideal for applications such as fruit grading, disease recognition, maturity estimation, and defect
detection. Their superior performance has established them as one of the leading technologies in modern agricultural automation.

Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNNs) are among the most widely used deep learning models for image analysis and computer vision
applications. Their architecture is specifically designed to process visual information efficiently and accurately (El Sakka et al., 2025).
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A typical CNN consists of several key components, including convolution layers that extract image features, pooling layers that reduce
computational complexity, activation functions that introduce non-linearity, and fully connected layers that perform final classification.

In agriculture, CNNs have been successfully applied to fruit quality grading, disease detection, defect identification, and maturity
assessment. By learning intricate visual patterns from large image datasets, CNN-based systems can often achieve classification accuracies
exceeding 95%, making them highly effective alternatives to manual inspection methods.

Transfer Learning

One of the major challenges in agricultural Al applications is the limited availability of large, labelled datasets. Transfer learning addresses
this problem by adapting pre-trained deep learning models to new agricultural tasks. Instead of training a model from scratch, researchers
can fine-tune existing architectures such as ResNet, VGGNet, and MobileNet using smaller agricultural datasets (Krishnaveni et al., 2024).
This approach significantly reduces training time, lowers computational requirements, and often improves model performance. As a result,
transfer learning has become an increasingly popular strategy for developing practical Al solutions in agricultural quality assessment.

Quality Parameters in Agricultural Produce

The quality of agricultural produce is determined by a combination of external and internal characteristics. Effective quality assessment
systems must therefore evaluate both visible and hidden attributes to provide a comprehensive understanding of product quality.

External Quality Parameters

External parameters represent the visual and physical properties of the produce. Traditional and automated computer vision systems rely
heavily on these metrics for immediate sorting (Palumbo et al., 2023; Luis et al., 2024).
Colour: Colour is one of the most important indicators of produce quality. It often reflects ripeness, freshness, nutritional status, and disease
conditions (Pankaj et al., 2013). For example, the redness of tomatoes, the yellowing of bananas, and the coloration of citrus fruits are
commonly used to assess maturity and market readiness.
Shape and Size: The shape of agricultural products influences grading standards and consumer acceptance (Umuhoza et al.,2023). Produce
that conforms to established shape criteria generally commands a higher market value.

Size is a critical commercial parameter because it affects sorting, packaging, transportation, and pricing. Uniformity in size is often
desirable in both domestic and export markets.
Surface Defects: Visible defects such as bruises, cuts, cracks, and pest damage can significantly reduce product quality and shelf life.
Automated vision systems are increasingly used to identify these defects quickly and accurately.
Texture: Texture provides valuable information regarding freshness, firmness, and maturity. Changes in texture can indicate spoilage,
over-ripening, or quality deterioration.

Internal Quality Parameters

Internal quality parameters represent chemical and structural compositions that cannot be assessed with standard visible light bands (Fu et
al., 2025). These rely on spectroscopic techniques and advanced deep learning fusions.

Moisture Content, Sugar Content, and Acidity

Moisture content is particularly important in grains and seeds because it influences storage stability, susceptibility to spoilage, and overall
product quality (Ayman et al., 2021). The sweetness of fruits such as mangoes, oranges, and pineapples is closely linked to sugar
concentration, making it a key indicator of eating quality. Acidity affects flavour, freshness, and shelf life. Maintaining appropriate acidity
levels is important for both consumer satisfaction and post-harvest management.

Protein and Oil Content

Protein concentration is a major quality determinant for cereals, legumes, and other protein-rich agricultural products. (Nana et al.,2018).
For oil-producing crops such as soybean, sunflower, and groundnut, oil content is a critical economic and quality parameter.

Al & ML-Based Technologies for Produce Quality Determination

Recent advances in Al have led to the development of several innovative technologies that enable rapid, accurate, and non-destructive quality
assessment of agricultural products (Mansi et al., 2025).

Computer Vision Systems

Computer vision enables machines to interpret and analyse visual information obtained from images and videos (Umbaugh, 2023). A typical
computer vision system includes cameras, lighting units, image acquisition devices, and specialized processing software. These systems can
automatically identify, sort, grade, and inspect agricultural produce while detecting defects that may not be easily recognized through manual
inspection. As a result, computer vision has become one of the most widely adopted technologies in automated quality assessment.
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Hyperspectral Imaging

Hyperspectral imaging combines imaging and spectroscopy to capture information across hundreds of wavelengths. Unlike conventional
imaging systems, it can reveal internal characteristics that are invisible to the human eye (Hong et al.,2026). This technology is highly
effective for detecting internal defects, identifying diseases, estimating moisture content, and assessing nutrient composition. Applications
include grain quality evaluation, fruit maturity determination, and meat quality assessment (Elmasry, et al., 2012).

Near-Infrared Spectroscopy (NIRS)

Near-Infrared Spectroscopy is a non-destructive analytical technique that measures how agricultural products absorb and reflect near-infrared
light. NIRS is widely used to estimate sugar content, moisture levels, protein concentration, and ripeness. When combined with machine
learning algorithms, it provides highly accurate predictions that support quality control and decision-making (Ye et al., 2022).

Internet of Things (IoT) Sensors

The Internet of Things (IoT) enables real-time monitoring of agricultural products through interconnected sensor networks. These sensors
continuously collect information on environmental and quality-related parameters such as temperature, humidity, ethylene concentration, and
gas emissions (Finner & Zomer, 2020). Machine learning models then analyse the data to predict quality deterioration, optimize storage
conditions, and reduce post-harvest losses.

Applications of AT & ML for Agricultural Produce Quality Determination

Al and machine learning technologies are increasingly being applied across diverse agricultural commodities, improving quality control
throughout the value chain (Assimakopoulos et al.,2024).

Fruit Quality Assessment

Fruit quality assessment typically focuses on characteristics such as color, size, ripeness, and the presence of defects. Al-powered vision
systems have been used to automatically classify apples into different quality categories based on appearance. These systems effectively
detect defects such as scabs, bruises, and surface blemishes, ensuring consistent grading standards (Choudhary & Sameet, 2024). Deep
learning models can estimate mango maturity stages from digital images, helping producers determine the optimal harvesting period
(Neupane,2025). This improves marketing decisions and reduces post-harvest losses associated with premature or delayed harvesting.
Machine vision systems can evaluate tomato quality by analysing ripeness levels, shape abnormalities, and disease symptoms, enabling
efficient sorting and grading operations (Akram, 2025). Al models are capable of identifying common potato defects such as greening,
cracks, black spots, and certain internal disorders that may affect marketability (Kaur et al., 2024).

Grain Quality Determination

Grain quality has significant implications for food security, trade, and industrial processing. Machine learning systems can rapidly evaluate
parameters such as moisture content, kernel size, purity, and insect infestation. Compared with traditional laboratory-based methods,
Al-driven approaches offer faster assessments while maintaining high levels of accuracy (Selvakumari, 2025).

Livestock Product Quality Assessment

Artificial intelligence is also transforming the evaluation of livestock products by enabling objective and consistent quality measurements
(Neethirajan, 2023). Al systems can analyse marbling patterns, tenderness, fat distribution, and freshness indicators, helping processors
maintain quality standards and improve consumer satisfaction (Singh et al., 2026). Computer vision technologies are increasingly used to
assess shell integrity, size, shape, and estimated weight, reducing manual inspection (Blom et al., 2022).

Machine learning models can predict important milk quality parameters, including fat content, protein concentration, and potential
microbial contamination. These capabilities support food safety monitoring and quality assurance throughout the dairy industry (Frizzarin et
al., 2021; Xu et al., 2026).

Challenges and Limitations

Despite their considerable potential, Al and ML technologies face several challenges that may hinder their widespread adoption, particularly
in developing agricultural systems. Several authors, including Dinrifo et al. (2022); Araujo et al. (2023); Ahmad et al. (2024); Dhillon &
Moncur (2023) have highlighted the limitations and challenges of AI & ML applications in agriculture. These include:

Limited Availability of Quality Data

Machine learning models require large volumes of accurate and representative data for effective training. However, acquiring high-quality
agricultural datasets remains a significant challenge in many regions.

High Initial Investment Costs

The implementation of Al systems often involves substantial investments in sensors, cameras, computing infrastructure, software platforms,
and technical expertise. These costs may be difficult for smallholder farmers to afford.
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Infrastructure Constraints

Reliable electricity, internet connectivity, and digital infrastructure are essential for the effective operation of many Al-enabled systems. In
rural areas, inadequate infrastructure can limit technology adoption.

Model Generalization Challenges

Models developed and trained under specific environmental conditions may not perform equally well in different geographical locations,
climatic zones, or production systems. This limitation necessitates continuous adaptation and validation.

Data Privacy and Security Concerns

As agricultural operations become increasingly data-driven, concerns regarding data ownership, privacy, and cybersecurity continue to
emerge. Establishing clear governance frameworks is essential to ensure responsible data use.

Shortage of Technical Expertise

The design, deployment, and maintenance of Al systems require specialized skills in data science, machine learning, computer vision, and
agricultural engineering. Many developing countries face shortages of professionals with these competencies.

Conclusions

Artificial Intelligence and Machine Learning are fundamentally transforming the way agricultural produce quality is assessed and managed.
By providing intelligent, rapid, accurate, and non-destructive evaluation methods, these technologies are overcoming many of the limitations
associated with conventional quality assessment approaches. Technologies such as computer vision, deep learning, hyperspectral imaging,
spectroscopy, and IoT-enabled sensing systems enable the comprehensive evaluation of both external and internal quality characteristics with
unprecedented precision. Their application enhances operational efficiency, reduces food losses, improves product consistency, strengthens
supply chain management, and increases consumer confidence.

As computing technologies become more affordable and agricultural datasets continue to expand, Al-driven quality assessment systems
are expected to become increasingly integrated into modern agricultural practices. Future developments in explainable Al, edge computing,
robotics, blockchain, and digital agriculture will further strengthen quality determination capabilities and contribute to more sustainable,
productive, and resilient food systems worldwide. Ultimately, the successful integration of AI and ML into agricultural quality assessment
represents not only a technological advancement but also a critical pathway toward achieving global food security, economic growth, and
sustainable agricultural development in the twenty-first century.
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