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ABSTRACT 

 

Introduction: The implementation of machine learning and deep learning algorithms has revolutionized quality 

control processes in the agroindustry, providing precise and efficient solutions for grain classification and 

evaluation. The use of computer vision, combined with advanced algorithms, enables defect detection, 

measurement of physical characteristics, and optimization of batch standardization for both domestic and 

international markets. Objective: To review and analyze the application of ML algorithms in grain classification 

through digital image processing, comparing their accuracy, efficiency, and processing time to identify the most 

suitable strategy for productive environments. Materials and Methods: A systematic review was conducted in 

Scopus, IEEE Xplore, ScienceDirect, and MDPI, considering publications from 2017 to 2024. Inclusion criteria were: 

use of RGB or hyperspectral images, application of CNN, SVM, K-means, or Random Forest algorithms, and 

reporting of quantitative metrics. Review articles, studies not applied to grains, or those without experimental 

validation were excluded. Results and Conclusions: CNN achieved the highest accuracy (≈97%), making it ideal for 

detailed classification, although it requires high computational resources and longer training times. SVM and 

Random Forest demonstrated a balance between accuracy (≈91–92%) and efficiency, making them suitable for 

medium-sized datasets. K-means stood out for its speed and simplicity, although with lower accuracy (≈88%) as it is 

an unsupervised method. Emerging trends point to the integration of hyperspectral vision, transfer learning, and 

hybrid approaches to optimize the balance between accuracy, speed, and operational feasibility, thereby enhancing 

the competitiveness of the agroindustry in global markets. 
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RESUMO 

 

 

Introdução: A implementação de algoritmos de aprendizado automático (machine learning e deep learning) 

revolucionou os processos de controle de qualidade na agroindústria, oferecendo soluções precisas e eficientes 

para a classificação e avaliação de grãos. O uso da visão computacional, combinado com algoritmos avançados, 

permite detectar defeitos, medir características físicas e otimizar a padronização de lotes destinados aos mercados 

nacionais e internacionais. Objetivo: Revisar e analisar a aplicação de algoritmos de ML na classificação de grãos 

por meio do processamento de imagens digitais, comparando sua precisão, eficiência e tempo de processamento 

para identificar a estratégia mais adequada em ambientes produtivos. Métodos: Foi realizada uma revisão 

sistemática no Scopus, IEEE Xplore, ScienceDirect e MDPI, considerando publicações entre 2017 e 2024. Os critérios 

de inclusão foram: uso de imagens RGB ou hiperespectrais, aplicação de algoritmos CNN, SVM, K-means ou 

Random Forest e relatório de métricas quantitativas. Foram excluídos artigos de revisão, trabalhos não aplicados a 

grãos ou sem validação experimental. Resultados e conclusões: A CNN apresentou a maior precisão (≈97%), sendo 

ideal para classificação detalhada, embora com altos requisitos computacionais e tempos prolongados de 

treinamento. SVM e Random Forest mostraram um equilíbrio entre precisão (≈91-92%) e eficiência, adequando-se a 

conjuntos de dados médios. K-means se destacou por sua rapidez e simplicidade, embora com menor precisão 

(≈88%) por não ser supervisionado. As tendências emergentes apontam para a integração de visão hiperespectral, 

transfer learning e abordagens híbridas, com o objetivo de otimizar o equilíbrio entre exatidão, velocidade e 

viabilidade operacional, fortalecendo a competitividade da agroindústria nos mercados globais. 

 

Palavras-chave: Algoritmos, Agroindústria, Classificação, Visão Artificial, Visão Hiperespectral.  

 

RESUMEN 

 

Introducción: La implementación de algoritmos de aprendizaje automático (machine learning y deep learning) ha 

revolucionado los procesos de control de calidad en la agroindustria, ofreciendo soluciones precisas y eficientes 

para la clasificación y evaluación de granos. El uso de visión por computador, combinado con algoritmos avanzados, 

permite detectar defectos, medir características físicas y optimizar la estandarización de lotes destinados a mercados 

nacionales e internacionales. Objetivo: Revisar y analizar la aplicación de algoritmos de ML en la clasificación de 

granos mediante procesamiento de imágenes digitales, comparando su precisión, eficiencia y tiempo de 

procesamiento para identificar la estrategia más adecuada en entornos productivos. Material y métodos: Se realizó 

una revisión sistemática en Scopus, IEEE Xplore, ScienceDirect y MDPI, considerando publicaciones entre 2017 y 

2024. Los criterios de inclusión fueron: uso de imágenes RGB o hiperespectrales, aplicación de algoritmos CNN, 

SVM, K-means o Random Forest, y reporte de métricas cuantitativas. Se excluyeron artículos de revisión, trabajos no 

aplicados a granos o sin validación experimental. Resultados y conclusiones: CNN presentó la mayor precisión 

(≈97 %), siendo ideal para clasificación detallada, aunque con altos requerimientos computacionales y tiempos 

prolongados de entrenamiento. SVM y Random Forest mostraron un balance entre precisión (≈91-92 %) y 

eficiencia, adecuándose a datasets medianos. K-means destacó por su rapidez y simplicidad, aunque con menor 

precisión (≈88 %) al no ser supervisado. Las tendencias emergentes apuntan a la integración de visión 

hiperespectral, transfer learning y enfoques híbridos, con el fin de optimizar el equilibrio entre exactitud, velocidad y 

viabilidad operativa, fortaleciendo la competitividad de la agroindustria en mercados globales. 

 

Palabras clave: Algoritmos, Agroindustria, Clasificación, Visión Artificial, Visión Hiperespectral. 
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Computer vision algorithms for characterizing and classifying agro-exportable grains through size analysis and clustering techniques in Peru's agricultural sector 

INTRODUCTION 

 

Peru has established itself as one of the world's leading producers and exporters of high-quality grains, with products 

such as Coffea arabica (coffee), Theobroma cacao (cocoa), Chenopodium quinoa (quinoa), Amaranthus caudatus (kiwicha), 

Zea mays everta (giant corn from Cusco), Phaseolus vulgaris (beans), Glycine max (soybeans), and other Andean grains with 

growing demand in European, Asian, and North American markets (García et al., 2021; López & Jimenez, n.d.; Shobana et al., 

2022). These products not only represent a significant source of income for the agro-industrial sector, but also reinforce the 

country's agricultural identity, with exports exceeding hundreds of thousands of tons annually, with coffee, cocoa, and quinoa 

being the most internationally positioned (Capajaña & Capajaña, 2020; María et al., 2024). The visual quality of these beans, 

especially their size, uniformity, and absence of impurities and defects, largely determines their acceptance in premium 

markets and their classification within the phytosanitary and commercial regulations required by international buyers (Pastor 

et al., 2022; Paz et al., 2018; Shobana et al., 2022). However, the traditional grain classification process in Peru is largely based 

on manual inspection, a method that, although economical, has significant limitations: high subjectivity, variability between 

operators, low productivity, and difficulties in standardizing large-volume batches (Swathi et al., 2025; Tello et al., 2024). This 

problem is exacerbated by the rapid growth of agricultural exports, which requires more reliable, faster, and scalable quality 

control systems. Given this scenario, the use of computer vision algorithms is positioned as a key tool for modernizing the 

productive sector, allowing for automated and objective analysis of attributes such as size and shape, as well as the 

application of clustering techniques to segment grains into categories of quality, caliber, or export grade (Alshahrani et al., 

2023; King et al., 2022). 

Computer vision systems leverage digital image processing to identify morphometric characteristics (e.g., area, 

perimeter, aspect ratio, equivalent diameter) with high precision, using operations such as thresholding, edge detection, and 

morphological operations. The data is then processed using unsupervised clustering algorithms such as k-means, DBSCAN, or 

hierarchical clustering, which classify the grains into homogeneous groups without direct human intervention (Cinar & Koklu, 

2022; Reza et al., 2019; Saxena et al., n.d.). This technological integration reduces selection errors, optimizes production flow, 

and ensures standardized traceability. In addition, the incorporation of machine learning and deep learning models, especially 

convolutional neural networks (CNNs), has improved accuracy in complex tasks such as the detection of surface defects or 

deformations, achieving greater reproducibility in the face of variations in color and texture typical of grains grown in 

heterogeneous conditions (Adrah et al., 2021; de C. Motta et al., 2024; Dhakal et al., 2023; Ibrahim et al., 2019; Naik et al., 

2024). These technologies allow size analysis to be combined with advanced clustering metrics to classify, in real time, large 

volumes of coffee, cocoa, quinoa, or giant corn from Cusco, ensuring consistency in the post-harvest process (Chen et al., 

2024; Verma et al., 2023). 

However, the current challenge in Peru lies in transferring these technologies to the real production environment, as 

many solutions reported in the scientific literature have been designed under laboratory conditions, with little adaptation to 

the variability of local crops, limited infrastructure, and the need for low operating costs (Pastor et al., 2022). This systematic 

review seeks to analyze, synthesize, and critically evaluate computational algorithms based on size and clustering techniques 

applied to agro-exportable grains, with the aim of identifying robust, scalable methodologies that are adaptable to the 

Peruvian agro-industrial context (Ramdhani & Alamsyah, 2023; Saxena et al., n.d.). It also addresses emerging trends, such as 

hyperspectral imaging, transfer learning, and integration with Industry 4.0 technologies, which are transforming the agro-

export value chain in developing countries.  

This review aims to critically analyze and compare the most widely used computer vision algorithms in the visual 

classification of agri-food grains for export, with an emphasis on their applicability, accuracy, computational efficiency, and 

feasibility of implementation in the Peruvian agro-industrial context. It seeks to answer the question: Which algorithms offer 

an optimal balance between accuracy and operating cost for implementation in automatic classification systems in post-

harvest plants in Peru? 

 

METHODS 

 

A systematic review of the literature was conducted between 2017 and 2024 in the IEEE Xplore, Scopus, 

ScienceDirect, and MDPI databases. The following keywords were used: 'grain classification', 'computer vision', 'deep 

learning', 'CNN', 'SVM', 'K-means', 'agroexport'. The inclusion criteria were: studies with reported accuracy metrics, application 

to agricultural products, and use of computational algorithms. Articles without full access, without experimental validation, or 

that focused on non-exportable crops were excluded. Fifteen articles were selected after applying the PRISMA search and 

selection flow. 
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Figure 1. PRISMA diagram 

 

 
           

 

Source: authors’ development 

 

The studies selected for this review met clearly defined criteria to ensure the relevance and quality of the evidence 

analyzed. First, only articles published between 2017 and 2024 were considered, in order to ensure the technological 

relevance of the algorithms evaluated. Priority was given to research applied to agro-export crops of high relevance to the 

Peruvian context, such as coffee, cocoa, quinoa, rice, and corn. In terms of computational approaches, studies were selected 

that implemented representative and widely used algorithms in computer vision, including convolutional neural networks 

(CNN), support vector machines (SVM), unsupervised clustering techniques such as K-means, and ensemble methods such as 

Random Forest. Studies were also required to use RGB images as a data source, either from public databases or generated in 

real or laboratory environments. Finally, only those studies that reported key quantitative metrics, such as accuracy, F1-score, 

recall, and computational efficiency, were included, thus allowing for a rigorous comparison of the performance of each 

algorithm. 

 

RESULTS AND DISCUSSION 

 

Critical comparison between algorithms 

Although CNNs achieve accuracies greater than 97%, they require high-performance equipment and lengthy training, 

which limits their adoption in rural areas without access to GPUs. On the other hand, algorithms such as K-means allow for 

efficient grouping by size (≈88%) with minimal computational load, although they are sensitive to batch variability. SVM 

represents an interesting balance, achieving up to 92% accuracy in contexts with medium-sized datasets. Random Forest 

offers robustness in the presence of noise and unbalanced data, ideal for variable environments such as those found in the 

highlands. 
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Table 1. Comparison of computer vision algorithms applied to the classification and quality control of Andean grains 

 

 

Note: Data based on studies from 2019–2025; the choice of algorithm depends on the balance between accuracy, resources, and application 

Comparison of algorithms shows variable performance in accuracy, processing complexity, and agro-industrial 

applications. Convolutional neural networks (CNN) stand out with 90% to 99% accuracy, making them ideal for complex tasks 

such as detecting defects and foreign bodies in coffee, cocoa, and quinoa, although they require medium to high 

computational resources (Yasar, 2024; El Akrouchi et al., 2025; Avila-George et al., 2023). The SVM algorithm, with an accuracy 

range between 90% and 96%, is efficient for classification by size and variety in rice, beans, and cereals, requiring less 

computing power (Naik et al., 2024; Chen et al., 2024; Ibrahim et al., 2019; Ardeshirifar, 2024). K-means, with an accuracy 

between 85% and 90%, is used in segmentation and exploratory clustering, although its unsupervised nature limits its 

applications in direct classification (Reza et al., 2019; Cinar & Koklu, 2022; Zhang et al., 2023).  

Finally, Random Forest offers between 88% and 98% accuracy, being robust to noise and unbalanced data, with 

average processing (Cinar & Koklu, 2022). Overall, the data suggest that the choice of algorithm should balance accuracy, 

computational cost, and the nature of the task, prioritizing CNN or Random Forest for high-demand export systems and SVM 

or K-means for environments with lower technological capacity. 

Table 2. Main mathematical formulas of algorithms used in computer vision 

 

 

Note: Data based on Breiman, 2001; Cortes & Vapnik, 1995; LeCun et al., 1998; MacQueen, 1967. 

 

A comparative analysis of the mathematical formulas associated with the main computer vision algorithms reveals 

substantial differences in their complexity and the type of problems they address. The convolution operation in CNNs, 

proposed by LeCun et al. (1998), forms the basis for the hierarchical extraction of spatial features, which explains its high 

Algorithm Accuracy  Processing Main application Studies 

CNN (Deep Learning) 90–99 Medium–High Classification by size and defects; 

detection of foreign bodies in 

coffee, cocoa, and quinoa 

• (Yasar, 2024)  

 • (El Akrouchi et al., 2025a) 

• (Avila-George et al., 2023) 

SVM (Machine 

Learning) 

90–96 Low–Medium Size separation, classification of rice, 

bean, and cereal varieties 

• (Naik et al., 2024) 

• (Chen et al., 2024)  

• (Ibrahim et al., 2019)  

• (Ardeshirifar, 2024)  

K-means (Clustering) 85–90 Low Grouping by size, exploratory 

segmentation of batches 

• (Reza et al., 2019) 

• (Cinar & Koklu, 2022; Zhang et 

al., 2023) 

Random Forest 

(Ensemble) 

88 – 98 Medium Overall classification, high 

robustness in the presence of noise 

and imbalances 

• Cinar & Koklu (2022)   
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performance in object classification and detection tasks, albeit at the cost of high computational requirements. In contrast, 

the SVM formulation, introduced by Cortes and Vapnik (1995), optimizes a maximum margin hyperplane, offering robust 

solutions in high-dimensional spaces, especially in contexts with limited data sets. The K-means algorithm, described by 

MacQueen (1967), is based on minimizing intra-cluster distance, making it an efficient tool for unsupervised segmentation, 

although its performance depends on the correct choice of the number of clusters. Finally, the majority voting strategy in 

Random Forest, proposed by Breiman (2001), ensures high generalization capacity and resistance to overfitting by combining 

multiple weak classifiers. This diversity of mathematical foundations underscores the importance of selecting the most 

appropriate algorithm based on the type of data, available computational resources, and the specific objectives of the agro-

industrial application. 

Figure 2. Grain processing and classification flow using computer vision and convolutional neural networks (CNN). 

 

Source: authors’ development based on literature. 

In grain classification using computer vision, the most used algorithms are convolutional neural networks (CNN) and 

their variants such as AlexNet, ResNet, and DenseNet, due to their high accuracy in detecting size, defects, and shape. Classic 

methods such as Support Vector Machine (SVM) and clustering techniques such as K-means continue to be widely used due 

to their low computational cost and good performance in environments with limited data (El Akrouchi et al., 2025b; Sharon 

Ayme Aguirre Matos, n.d.; Shobana et al., 2022). Random Forest and XGBoost are preferred in supervised classification stages 

when features have already been extracted using morphometric analysis or descriptors such as HOG and SIFT (Breiman, 2001; 

Busi et al., 2024; Laudari et al., 2022; Taspinar et al., 2022). These techniques have demonstrated efficiencies of over 90% in 

real applications on grains such as coffee, cocoa, quinoa, and rice, according to recent literature (Choi et al., 2025; Miranda et 

al., 2024; Salas & Salas, 2022). 

Comparison of efficiency and accuracy 

The radar chart (Figure 2) illustrates the comparison between the CNN, SVM, K-means, and Random Forest 

algorithms, considering three key parameters: accuracy, efficiency, and processing speed. According to Yasar (2024), CNN has 

the highest accuracy (≈97%), making it the preferred option for complex grain classification tasks; however, its speed and 

efficiency are lower, as it requires greater computing power and longer training times. In contrast, K-means, as reported by 

(Reza et al., 2019), excels in its high efficiency and speed (≈95%), making it ideal for rapid segmentation, although its 

accuracy is moderate (≈88%) as it is not a supervised method. SVM, supported by studies such as (Ibrahim et al., 2019), is 

positioned as a balanced method, with an accuracy of ≈92% and good efficiency in contexts with medium-sized datasets. 

Finally, Random Forest, evaluated by (Cinar & Koklu, 2022), offers robust performance with 91% accuracy, being an 

intermediate option between complexity, speed, and accuracy. This analysis suggests that the choice of algorithm depends 

on the required balance between prediction quality and available computational resources, with CNN being the most 

accurate, K-means the fastest, and SVM/Random Forest the most balanced. 
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Figure 2. Comparison of the performance of computer vision algorithms in agribusiness 

 

 

Source: authors’ development based on literature. 

 

Feasibility of Implementation in Peru 

The integration of algorithms such as CNN, SVM, K-means, and Random Forest in the Peruvian agro-export sector 

allows for the automation of quality control and the optimization of grain selection for international markets. These systems 

guarantee homogeneous batches, free of impurities and accurately classified by size and color, reducing returns and 

increasing the added value of products such as coffee, cocoa, quinoa, and rice. Studies such as those by (Avila-George et al., 

2023) and (Yang et al., 2023) show that, with accuracies close to 98%, computer vision not only improves product traceability 

but also strengthens Peru's competitiveness in demanding markets such as Europe and Asia (Girma et al., 2021; Salas & Salas, 

2022; Sokudlor et al., 2023). 

Each computer vision algorithm has inherent limitations that must be evaluated before adoption. Convolutional 

Neural Networks (CNN) require extensive, labeled datasets, standardized capture conditions, and a computing infrastructure 

with high processing capacity (GPU) (Choudhary et al., 2022; 张 et al., 2023). The Support Vector Machine (SVM) method has 

difficulties scaling in contexts with a large number of attributes or massive data volumes ( ), which can slow down processing. 

The K-means algorithm, being unsupervised, critically depends on the correct choice of the value of K and lacks supervised 

predictive capabilities, limiting its application in complex classification (Laub et al., 2022; Zhu et al., 2023). Random Forest, on 

the other hand, offers robustness and accuracy, but can become opaque in its interpretation and require high memory 

consumption during the inference phase. These limitations must be aligned with the availability of resources, the type of 

product, and the operating conditions of each agro-industrial plant (Breiman, 2001; Swathi et al., 2025). 

Feasibility of implementation in Peru 

The integration of these algorithms into Peruvian agro-industrial plants requires a well-defined minimum 

infrastructure. This includes machine vision cameras with an optical resolution of at least 5 megapixels, lighting controlled by 

LED systems to minimize shadows and color variations, and adequate processing units such as industrial computers with 

GPUs or optimized microcontrollers (NVIDIA Jetson Nano, Raspberry Pi 4 with TPU accelerators) (Bordas, Bordas, et al., 2022; 

Don et al., 2024; Zerrouki et al., 2024). In addition, it is essential to implement simple and ergonomic user interfaces for 

operators, ensuring intuitive system operation (Daud et al., 2024; X. Liu et al., 2024). This range of investment can be 

competitive when considering the increase in efficiency, reduction in waste, and improvement in the quality of batches for 

export. 
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Emerging technological trends 

Among the innovations with the greatest potential to transform grain classification in Peru are hyperspectral imaging 

and transfer learning (from C. Motta et al., 2024; Oscar et al., 2024). Hyperspectral imaging, thanks to its ability to capture 

information across a wide range of wavelengths, allows for the identification of internal defects, fungal infections, or moisture 

levels that are imperceptible to the human eye (Asif et al., 2025; Bordas, Zhang, et al., 2022). On the other hand, transfer 

learning makes it possible to reuse neural networks previously trained on large international databases, adapting them to 

local conditions and products, which significantly reduces training times and the need to collect extensive datasets (Capajaña 

& Capajaña, 2020; Y. Liu et al., 2024). The strategic incorporation of these technologies is emerging as a central axis in the 

consolidation of a smart, competitive, and sustainable agro-export model for Peru. 

 

FINAL REMARKS 

 

The synthesized evidence shows that there is no "universal algorithm" for visual grain classification; the choice must 

respond to the analytical objective, data quality, and operational constraints. CNNs offer maximum accuracy for defect 

detection and fine classification when standardized images and computing power are available; SVM and Random Forest 

provide a robust balance between accuracy and computational cost in scenarios with medium data and greater variability; K-

means is valuable in exploratory stages and for stratification by size, although it does not replace supervised approaches. In 

the Peruvian context, feasibility depends on integrating controlled capture (≥5 MP, LED lighting), a reproducible 

preprocessing channel, and accessible hardware (lightweight GPU or accelerators), complemented by simple interfaces for 

operators. Trends such as hyperspectral vision and transfer learning reduce dependence on large datasets and extend 

detection to non-visible attributes (moisture, internal damage), enabling systems that are more sensitive and adaptable to 

national agricultural heterogeneity.  

Overall, a hybrid strategy is recommended: rapid preprocessing and clustering for triage, followed by supervised 

classifiers (CNN or RF) when traceability and export quality requirements so dictate. This approach maximizes performance, 

scalability, and real adoption in the field. 
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