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Abstract—The integration of artificial intelligence (AI) and 

image processing techniques has emerged as a transformative 

solution to address the limitations of traditional cotton fiber 

quality assessment methods, particularly the High-Volume 

Instrument (HVI) and Advanced Fiber Information 

System (AFIS), which require time-consuming manual labor. 

This comprehensive review examines the convergence of three 

key technological domains: image processing, AI/machine 

learning, and IoT/edge computing, in revolutionizing cotton 

fiber quality assessment. The review focuses on three primary 

image processing techniques—feature extraction, segmentation, 

and classification—that enable precise analysis of critical fiber 

properties including length, fineness, strength, and maturity. 

Advanced AI algorithms, particularly convolutional neural 

networks (CNNs), have demonstrated remarkable success in 

automating the assessment process, achieving accuracy rates of 

82-98% in fiber classification tasks. The integration of Internet 

of Things (IoT) devices and edge computing has further 

enhanced the system's capabilities, enabled real-time quality 

assessments and reduced processing time by up to 60% 

compared to traditional methods. However, several 

significant challenges persist, including limited availability of 

high-quality annotated datasets, variability in image quality due 

to environmental factors, model generalization across different 

cotton varieties, and real-time processing constraints in 

industrial settings. The combination of image data with 

additional sensor inputs, such as spectral analysis and 

environmental monitoring, offers potential to further 

enhance assessment accuracy and robustness. This review 

emphasizes the transformative potential of AI-driven image 

processing systems in revolutionizing cotton fiber quality 

assessment, while also identifying critical areas requiring 

further research for successful industrial implementation. The 

findings suggest that continued advancements in AI algorithms, 

coupled with improved IoT integration and edge computing 

capabilities, will be crucial for developing more robust and 

efficient quality assessment systems in the cotton industry. 
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I. INTRODUCTION 

A. Overview of Cotton Fiber Quality 

Cotton fiber quality plays a pivotal role in textile 

manufacturing, directly affecting both the product's price and 

performance [1]. Critical quality parameters include fiber 

length, strength, uniformity, and micronaire, all of which 

significantly influence fabric properties [2]. These 

characteristics are shaped by genetic factors as well as 

environmental conditions such as temperature and weather 

patterns [2], [3]. Understanding the relationship between 

fiber quality and fabric performance is crucial for selecting 

the right cotton fibers for specific applications. For instance, 

in nonwoven fabrics, fiber length and strength positively 

influence fabric strength, while micronaire tends to have a 

negative impact [4]. This insight can guide cotton selection 

for different textile products, opening up alternative markets 

for fibers traditionally considered lower quality in 

woven textiles [4]. While cotton remains the dominant 

natural fiber in textiles, its cultivation presents environmental 

concerns, primarily due to the extensive use of water and 

agrochemicals [5]. Various techniques have been employed 

to assess cotton fiber quality, including the Advanced Fiber 

Information System (AFIS) and the Best-Worst Method 

combined with the Revised Analytic Hierarchy Process 

(BWM-RAHP) [6], [7].  Genetic factors also play a key role 

in determining fiber quality, with studies identifying several 

SNPs and candidate genes linked to traits like fiber length, 

fineness, and maturity [6]. Moreover, tensile properties such 

as fiber strength and elongation are critical for 

evaluating cotton's performance in textile production. While 

strength has historically been the focus, recent advancements 

in high-speed testing and calibration methods have sparked 

renewed interest in elongation measurements [8]. These 

developments in fiber assessment and genetic research are 

contributing to ongoing efforts aimed at enhancing both 

cotton quality and sustainability in the textile industry. 

B. Challenges in Manual and Traditional Methods 

Traditional methods like the High-Volume Instrument 

(HVI) and Advanced Fiber Information System (AFIS) have 

long been standard tools in cotton fiber quality 

assessment, measuring attributes such as fiber length, 

strength, and fineness. However, these methods face several 

challenges. A key drawback is their reliance on human 

operators, making the process not only labor-intensive and 

time-consuming but also prone to variability due to operator 

fatigue or subjective interpretation [9]. Furthermore, these 

methods typically require large sample sizes, making them 

inefficient for real-time or rapid assessments in fast-

paced production settings, thereby delaying crucial decision-

making processes [10]. The operational costs, including 

maintenance of specialized equipment, add another layer of 

difficulty, particularly for smaller-scale producers [11]. 
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In addition, traditional systems are limited in their scope, 

focusing on only a few key fiber parameters and often 

neglecting important characteristics such as fiber maturity 

and surface texture. This leads to incomplete or less precise 

assessments, especially when dealing with heterogeneous 

fiber samples [12]. Moreover, as the cotton industry 

increasingly moves towards precision agriculture and 

sustainable practices, traditional methods lack the flexibility 

and scalability to integrate seamlessly with modern, data-

driven agricultural systems [13]. These limitations have 

fueled the development of AI-driven automated systems 

that use image processing and machine learning to address 

the inefficiencies and constraints of conventional methods. 

C. Emergence of AI-Driven Solutions 

The limitations of traditional methods have driven the 

development of AI-driven automated systems that offer 

several advantages. These systems leverage advanced image 

processing techniques, including feature extraction, 

segmentation, and classification, to analyze cotton fiber 

properties with high precision. AI algorithms, particularly 

convolutional neural networks (CNNs), have demonstrated 

remarkable success in automating the assessment process, 

achieving accuracy rates of 82-98% in fiber classification 

tasks [14]. The integration of Internet of Things (IoT) devices 

and edge computing has further enhanced the system's 

capabilities, enabled real-time quality assessments and 

reduced processing time by up to 60% compared to 

traditional methods [15]. 

 This review aims to examine the current state of AI-

driven cotton fiber quality assessment, analyze the 

effectiveness of various image processing techniques, 

evaluate the integration of IoT and edge computing, identify 

challenges and limitations in current implementations, and 

propose future research directions for industrial applications. 

The scope encompasses image processing techniques for 

fiber quality assessment, AI and machine learning algorithms 

for automated analysis, integration of IoT and edge 

computing, real-world implementation challenges, and future 

development opportunities [16]-[18]. 

II. METHODS 

A. Role of Image Processing in Cotton Fiber Quality 

Assessment 

Image processing techniques have revolutionized cotton 

fiber quality assessment by providing robust, efficient 

alternatives to traditional manual methods (Fig. 1). These 

advancements primarily stem from the integration of 

machine learning algorithms and sophisticated imaging 

technologies, which enhance accuracy and streamline 

processes across the cotton industry. The implementation of 

automated systems has significantly reduced human error, 

with studies showing accuracy rates between 82% and 90% 

in lint grading [19]. Advanced algorithms have proven crucial 

in extracting geometric features from microscopic images of 

cotton fiber cross-sections, facilitating accurate maturity 

estimations [20]. The combination of machine learning and 

image processing not only automates grading but also 

captures important intra-sample variances, reducing 

identification error rates from 0.073 to 0.038 (Fig. 2) [19]. 

The application of image processing extends to the 

industrial realm, where it enhances the assessment of various 

fiber characteristics, including cross-sectional shape, 

diameter, and fineness [18]. For instance, Zhang et al. [21], 

[22] introduced a multi-channel fusion segmentation 

algorithm combined with an improved YOLOv4 model, 

achieving an impressive average recognition rate of 94.1% 

for detecting impurities in machine-picked seed cotton.  

Recent efforts have concentrated on refining cotton color 

measurement and grading methodologies, with Heng et al. 

[28] proposing a two-step threshold algorithm to mitigate the 

influence of trash in cotton grading. This innovative approach 

was complemented by Khan et al. [23], who developed a 

threshold segregation technique aimed at minimizing 

discrepancies between visual and instrumental color 

measurements.  

In a broader context, the significance of image processing 

techniques transcends cotton quality assessment. Mosslah 

and Abbas [25] reviewed the applicability of these techniques 

in agriculture and forestry, illustrating their utility in plant 

monitoring, pest management, and smart agricultural 

applications. They emphasized that color index-based 

segmentation methods are particularly prevalent, 

highlighting a shift towards automated assessments that 

improve both efficiency and accuracy.  

Textile quality control also benefits immensely from 

advancements in image processing. Techniques for fabric 

defect detection and yarn analysis have become increasingly 

automated, providing precise evaluations that surpass 

traditional methods [26], [27]. Through the application of 

edge detection algorithms and deep learning, researchers 

have been able to identify fabric defects and foreign materials 

in cotton bundles with remarkable accuracy. This integration 

of automation into textile production lines allows for 

continuous quality monitoring, reducing reliance on manual 

inspections [18]. 

In the quest to enhance cotton grading and analysis, the 

contributions of researchers such as Fisher et al. [19] are 

noteworthy. Their machine learning approach not only 

automates grading but also incorporates innovative image 

processing techniques to address trash influence, showcasing 

a clear evolution in the assessment methodologies used. 

Additionally, the work of He and Liu [29], who reviewed the 

application of Fourier transform infrared (FT-IR) 

spectroscopy in cotton research, highlights the diverse 

technological advancements available for characterizing 

cotton quality under various conditions. 

Recent studies have also advanced cotton phenotyping, 

providing further insights into fiber traits and seed properties. 

For example, Herritt et al. [30] developed a method for 

counting fuzzy cotton seeds, demonstrating strong 

correlations with manual measurements, thereby aiding 

breeders in enhancing seed size and yield. Similarly, LaFave 

et al. [31] introduced a rapid automated image analysis 

technique for individual cotton fibers, which holds promise 

for improving fiber phenotyping efficiency. Khan et al. [23] 

addressed the challenges posed by trash particles in color 

measurements by creating a threshold segregation technique, 

emphasizing the importance of accurate color analysis in 

cotton assessments. 



Control Systems and Optimization Letters, Vol. 3, No 2, 2025 214 

 

Marc Joshua Prudente, Advancements in AI-driven Cotton Fiber Quality Assessment Through Image Processing: A Comprehensive 

Review 

 

Fig. 1. Multi-channel fusion segmentation process of impurity images of machine-picked seed cotton 
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Fig. 2. Manual image processing and measurements of fiber characteristics. (A) Selection of mask, note how the mask is being created on the original layer; 

(B) creation of a mask for the entire fiber itself, the smart tool brush is used as it can easily detect the edges of a fiber and accurately trace it; (C) 

creation of a mask for the lumen only covers a very small area of the actual fiber, the regular brush tool is used for this as it gives greater control over 
the mask; (D) the masks have been moved to different layers and have both been added to the selection showing an outline of the mask overlayed over 

the original image

Further investigations into cotton fiber quality have 

revealed critical genetic factors linked to high-quality fiber 

development. Zou et al. [32] utilized RNA sequencing to 

identify differentially expressed genes associated with fiber 

strength and developmental stages. Similarly, researchers 

[33] leveraged machine learning models and time-series 

UAV remote sensing data to predict quality parameters such 

as fiber length and micronaire value with 

remarkable accuracy, bypassing the need for manual 

sampling. Sayeed [53] demonstrated that the High-Volume 

Instrument (HVI) fibrogram captures additional within-

sample variation in fiber length, showcasing its potential to 

explain yarn quality more effectively than conventional HVI 

parameters. 

Overall, the integration of image processing techniques in 

cotton fiber quality assessment is not only reshaping the 

methods used in grading and evaluation but is also driving 

broader advancements in agricultural practices and textile 

manufacturing. The collective insights from these studies 

illustrate a significant shift towards automated, precise, and 

efficient approaches that enhance product quality and 

operational efficiency across the industry. As research 

continues to evolve, the potential for these technologies to 

address existing challenges and improve quality standards 

remains a promising frontier in cotton fiber analysis. 

B. Machine Learning and AI in Cotton Fiber Quality 

Assessment 

The integration of machine learning (ML) and artificial 

intelligence (AI) in cotton fiber quality assessment is 

heralding a new era of precision and efficiency in agricultural 

practices. Recent research underscores the transformative 

potential of these technologies, particularly through the use 

of remote sensing and advanced analytical techniques. 

One noteworthy advancement is the application of UAV-

based multispectral imaging combined with neural networks, 

which has demonstrated significant promise in predicting 

cotton fiber quality parameters without necessitating manual 

sampling [34]. This method showcases the efficacy of 

modern technologies in automating and refining quality 

assessments, enabling farmers and manufacturers to obtain 

timely and reliable data on fiber quality. By leveraging these 

sophisticated imaging techniques, the industry can make 

informed decisions that enhance yield and profitability. 

To address the challenges associated with training 

machine learning models, innovative approaches such as 

active learning have emerged. Fisher et al. [19] highlighted 

how these methods can achieve high accuracy in cotton 

grading while drastically reducing the time spent on labeling 

data. This is particularly beneficial in contexts where 

resources are limited or where rapid adaptations to market 

demands are required. The ability to efficiently label and train 

models allows for quicker implementations of quality 

assessment technologies in the field. 

Deep learning techniques, particularly Convolutional 

Neural Networks (CNNs), have also gained traction within 

the textile industry. These models have proven to be 

exceptionally adept at detecting fabric defects, achieving 

accuracy levels exceeding 98% [54]. This level of precision 

is crucial for maintaining quality standards and minimizing 

waste during production processes. In conjunction with these 

advancements, the development of an embedded system that 

utilizes Field Programmable Gate Arrays (FPGA) and Digital 

Signal Processors (DSP) has resulted in effective real-time 

classification of foreign fibers in cotton lint, achieving a 

success rate of 96% [57]. Such innovations not only bolster 

quality control but also enhance operational efficiency, 
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further demonstrating the critical role of machine learning in 

textile manufacturing. 

Supervised learning algorithms, including artificial neural 

networks and random forests, have been successfully 

employed to classify Egyptian cotton lint grades with 

impressive accuracies ranging from 82% to 90%; the use of 

ensemble modeling has even pushed these accuracy rates 

higher, achieving results between 77% and 98% for similar 

classification tasks [37]. Additionally, unsupervised learning 

techniques like k-means clustering have been utilized to 

identify human errors in manual grading, showcasing the 

comprehensive applicability of machine learning across 

different aspects of fiber analysis can be seen in Table 1. 

In broader agricultural applications, machine learning 

algorithms are being harnessed for weed detection and 

management in cotton and other crops. Techniques such as 

convolutional neural networks, artificial neural networks, 

and support vector machines have been successfully applied 

to analyze data obtained from spectroscopy, color imaging, 

and hyperspectral imaging [56]. These methodologies not 

only enhance crop management strategies but also contribute 

to sustainable agricultural practices by allowing for targeted 

interventions that minimize chemical use. 

Recent studies have also illuminated the significance of 

preprocessing image data to optimize the performance of 

                          .    j           ć [36] emphasize 

that improving input quality through effective preprocessing 

techniques is vital for enhancing model accuracy. This step is 

critical in ensuring that the insights derived from machine 

learning models are both reliable and actionable. 

Moreover, the exploration of innovative approaches for 

assessing cotton quality has gained traction. For instance, 

Sabuncu and Ozdemir [35] demonstrated the use of optical 

coherence tomography combined with deep learning as a 

non-destructive technique for classifying fabric fiber types, 

offering an alternative to traditional methods such as burn 

tests. This non-destructive analysis not only preserves the 

integrity of materials but also aligns with sustainability trends 

within the industry. 

The potential of machine learning extends beyond 

immediate quality assessments. Recent research indicates 

significant progress in predicting cotton fiber quality through 

advanced methodologies. For instance, Khalilisamani et al. 

[42] developed gene-based prediction approaches that 

yielded high accuracy for estimating fiber length using 

specific cotton fiber length genes, surpassing conventional 

genomic selection methods. These advancements illustrate 

the power of integrating genetic data with machine learning 

techniques to enhance breeding efforts and improve overall 

fiber quality. In addition to genetic approaches, recent 

innovations in agronomic practices, such as the use of 

autonomous ground sprayers for defoliant application, are 

optimizing fiber quality while simultaneously reducing 

chemical usage [58]. The convergence of technology and 

sustainable practices represents a forward-thinking strategy 

in cotton production. 

Collectively, the research highlights a significant trend 

toward integrating advanced technologies, machine learning, 

and genetic insights to enhance cotton fiber quality 

assessment and prediction. By combining remote sensing, 

deep learning, and innovative agricultural practices, the 

cotton industry stands to benefit from more accurate 

evaluations, improved efficiency, and ultimately, higher-

quality products. As these technologies continue to evolve, 

they promise to reshape the landscape of cotton production 

and quality management, ensuring that the industry remains 

responsive to both consumer demands and sustainability 

imperatives. 

C. Advancements in AI for Fiber Quality Prediction 

The application of artificial intelligence (AI) and machine 

learning (ML) techniques in cotton fiber quality prediction 

marks a significant evolution in agricultural practices. Recent 

research highlights a diverse range of methodologies, each 

contributing to more accurate assessments of fiber quality 

and the detection of foreign materials. 

Researchers [19] pioneered the use of UAV remote 

sensing data coupled with neural networks to enhance the 

prediction of cotton fiber quality parameters. This approach 

showcased a substantial improvement over traditional linear 

regression models, achieving a noteworthy accuracy boost of 

29.67% in predicting key indicators such as fiber length and 

micronaire value. Their method involved refining the spectral 

index by excluding soil pixels, which significantly enhanced 

the model's performance. This innovative use of remote 

sensing data exemplifies how advanced technologies can be 

employed to extract more nuanced insights from agricultural 

environments. Furthermore, Liu et al. [55] introduced a deep 

learning model that utilized cotton fiber length genes, 

achieving remarkable accuracy rates nearing theoretical 

maxima for quantitative traits. By incorporating cutting-edge 

technologies such as Transformer architecture and 

knowledge graphs, their model achieved an accuracy of 0.94 

and a mean average precision (MAP) of 0.95. The innovative 

joint-attention mechanism designed for detecting small 

objects contributed to its superior performance, exemplifying 

the potential of merging deep learning with genetic 

information for enhanced agricultural predictions [38]. 

A significant focus of recent research has been on the 

application of Convolutional Neural Networks (CNNs) for 

automated fiber classification across various 

industries. Montañez and Barrera [39] developed a CNN-

based system for grading abaca fibers, achieving an accuracy 

of 83%. In a similar vein, Luo and Zhang [24] employed a 

CNN model to differentiate between cashmere and wool 

fibers, reaching an accuracy of 93%. Wei et al. [57] further 

advanced this field by implementing a CNN within 

an embedded system for foreign fiber detection in cotton, 

obtaining a 96% success rate. These studies underscore the 

versatility of CNNs in accurately classifying fiber types, 

thereby improving objectivity and efficiency in quality 

control processes across textile industries. 

The application of time-sequence data analysis in cotton 

fiber quality assessment has also garnered attention. 

Researchers [19] utilized a neural network model to analyze 

time-series UAV remote sensing data, demonstrating 

improved accuracy compared to traditional methods. Dai et 

al. [40] introduced an attention-GRU model that 

outperformed standard neural networks, particularly in 

handling time-series data related to cotton yarn quality 

prediction [43]-[46]. 
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Table 1.  Supervised machine learning model accuracies (%) performance when evaluated using testing data across 12 models; the best result for each Giza 

cultivar is highlighted in bold 

Image processing method ML algorithm Giza 86 Giza 87 Giza 90 Giza 94 Giza 96 Average 

IP1 - Unclean ANN 65.93 81.30 59.91 69.61 51.00 65.60 

IP1 - Unclean RF 68.94 85.30 66.86 77.47 70.04 73.70 

IP1 - Unclean SVM 51.08 76.40 52.52 53.79 45.23 55.80 
IP2 - Clean ANN 65.21 81.73 59.45 68.39 53.18 65.60 

IP2 - Clean RF 69.91 85.95 66.86 77.34 70.89 74.20 

IP2 - Clean SVM 48.60 77.61 53.65 51.63 41.63 55.90 
IP3 - Unclean + intra-sample variance ANN 75.17 83.74 77.40 75.46 62.96 73.90 

IP3 - Unclean + intra-sample variance RF 82.13 90.21 83.78 75.32 84.15 85.90 

IP3 - Unclean + intra-sample variance SVM 70.25 83.97 65.28 75.73 61.42 71.30 
IP4 - Clean + intra-sample variance ANN 74.82 81.96 71.54 75.32 61.79 73.10 

IP4 - Clean + intra-sample variance RF 81.89 89.31 82.07 89.27 84.87 85.50 

IP4 - Clean + intra-sample variance SVM 73.36 65.52 63.03 65.24 62.58 69.90 

ANN – Artificial Neural Network; IP – Image Processing; ML – Machine Learning; RF – Random Forest; SVM – Support Vector Machine 

 

Additionally, Du et al. [41] employed a CNN-Temporal 

Convolutional Network (CNN-TCN) method to analyze 

near-infrared spectral data for identifying foreign fibers, 

showcasing high accuracy and efficiency. These studies 

illustrate the adaptability of advanced neural network 

architectures in addressing the unique challenges posed by 

time-sequence data in agricultural settings. 

Innovative machine learning approaches are also being 

explored to mitigate the challenges associated with limited 

training data in materials science. Yamada et al. [47] 

demonstrated that transfer learning has emerged as a viable 

strategy, allowing researchers to leverage pre-trained models 

from related domains to make accurate predictions even with 

small datasets. This approach has proven effective in various 

fields, including optical communications, where 

Azzimonti et al. [48] applied active learning and domain 

adaptation techniques to quality transmission estimation. 

Additionally, Wei et al. [57] demonstrated the application of 

deep learning for estimating foreign fiber content in cotton, 

utilizing U-Net segmentation algorithms to achieve real-time 

and accurate identification. These studies exemplify the 

potential of advanced machine learning techniques to 

overcome data scarcity challenges across various 

applications [50], [52]. 

D. Some Common Mistakes Challenges and Limitations of 

Cotton Fiber Quality Assessment 

The quest to enhance cotton fiber quality assessment 

through advanced technologies is rife with challenges and 

limitations. Recent studies highlight the multifaceted nature 

of these obstacles while also presenting innovative solutions 

that pave the way for more effective methods of evaluation. 

A primary hurdle in cotton fiber quality assessment lies in 

the development and optimization of image datasets. Qadri 

[49] explored machine learning approaches to classify cotton 

varieties based on leaf images, achieving commendable 

accuracy through optimized feature extraction. However, the 

success of such methodologies is contingent upon the 

availability of high-quality, well-annotated datasets. This 

challenge is compounded when considering the efforts of 

Pelletier et al. [51], who devised a low-cost detection system 

for plastic contamination in cotton lint using deep learning 

and color cameras. Their work underscores the critical need 

for extensive annotated image datasets to train machine 

learning models effectively. Without a rich and varied 

dataset, the robustness and generalizability of AI models 

remain limited. 

The challenge of generalizing AI models across different 

cotton types presents another significant obstacle. While 

machine learning models have achieved 82-90% accuracy in 

cotton lint grading, Fisher et al. [19] identified that human 

error in sample labeling significantly limits this accuracy. 

The uniqueness of cotton varieties, each with distinct 

characteristics and grading requirements, complicates the 

training of a universal model. Moreover, environmental 

factors play a crucial role in image quality and model 

performance, further hindering the reliability of assessments 

across diverse conditions. 

To address the difficulties associated with image labeling, 

recent studies have turned to active learning techniques. 

Fisher et al. [19] found that these methods can maintain high 

classification accuracy, achieving rates between 82% and 

85% while reducing the labeling effort required by up to 

46.4% compared to traditional supervised learning. This 

innovation not only alleviates the burden of extensive manual 

labeling but also enhances the efficiency of model training 

processes. 

Further advancements include the application of deep 

learning-based image segmentation methods for foreign fiber 

content estimation, as demonstrated by Wei et al. [57]. Their 

improved U-Net model achieved exceptional accuracy, with 

relative errors in size estimation under 4% and overall errors 

in content evaluation below 2%. These results highlight the 

potential of sophisticated deep learning architectures to 

enhance the precision of cotton quality assessments, even in 

the face of challenging data conditions. 

III. RESULTS AND DISCUSSIONS 

A. Comparison of Different Types of Assessment that Use 

AI 

AI methods have helped make cotton fiber quality 

assessment better than it was before. Both accuracy and 

efficiency are clearly higher when AI-driven methods are 

used instead of classic methods in investigations. Detecting 

fabric defects accurately, CNN-based systems have obtained 

results of up to 98%, far better than YOLO V4 systems which 

deliver 94.1% successful results for impurities. It is 

significant because this approach is more reliable than typical 

manual systems which only manage a 60-70% success rate. 

Grading with AI results in accuracy rates between 82% and 

90% which represents a strong step forward in reliable 

assessment [19].  
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AI-driven systems excel because they are time and 

resource efficient. Traditional machines take 2-3 minutes to 

analyze each sample, while AI systems can analyze them at 

the same instant. Important upgrades include doing manual 

labeling 46% less often [19] and speeding up overall 

processing by 60% [17] compared to how things were done 

before. Because of this, it is easier to achieve gains in how 

efficient the facility is and at the same time reduce 

expenditure on labor. The Effectiveness of Evaluating  

B. Performance Metrics on Different Tools  

Across many applications, AI-driven systems have a 

consistent high rate of accuracy in the tasks they perform. 

Systems for classifying fiber show results from 82% to 98% 

accuracy [19] and finding foreign fibers often works with 

96% success [57]. The way color is measured has improved, 

bringing the error rate down from 0.073 to 0.038 [19]. 

Genetic trait prediction models using deep learning have an 

accuracy of 94% and MAP of 0.95 [55]. The metrics for 

system reliability prove that it remains strong under different 

circumstances. The reliability of model generalization results 

is 82-85% in studies of various cotton varieties [19]. Errors 

in size estimation are kept below 4% and content evaluation 

systems perform even better, with less than 2% of errors [57]. 

Accuracy during cross-validation is about 93% [39] which 

suggests the model is very reliable in diverse testing 

environments.  

C. How and Where These Principles are Used 

Many areas of the cotton industry have improved because 

of AI-driven technologies. In factories, quality control 

systems have introduced automation, so problems with 

impurities can be detected immediately and always watched 

over. Consistent quality assessment is necessary in 

production lines and these solutions have shown to be 

effective there. Improvements in agriculture have come from 

using field monitoring drones and live quality prediction 

systems during harvest. As a result, it has become easier to 

control crop cultivation and increase the quality of crops. 

Introducing these systems cuts labor expenses, makes the 

products better and helps increase production. Farmers are 

now using resources more efficiently which supports eco-

friendly farming methods. 

D. Current Obstacles and Challenges  

Though there have been advances, a number of problems 

still stand in the way of using AI to assess cotton fiber quality. 

Getting a suitable cotton dataset is often the main limiting 

factor and making models work across all cotton variations 

remains a difficulty [19]. Fluctuations in the environment 

have a major effect on how the system functions, even as real-

time processing remains a technical problem. Implementing 

such systems is difficult because of the extensive upfront cost 

and the requirement for specialized knowledge. It is difficult 

for many organizations to use them because integrating them 

with other systems and handling scalability proves 

challenging. Having good annotated data, maintaining data 

quality and coping with weather changes are the main data-

related issues for autonomous vehicles right now. 

Deployment of a system is further complicated by differences 

in implementation standards.  

E. Possible Areas for Further Research 

Important areas of future study in cotton fiber quality 

assessment are many and varied. Researchers should focus on 

making AI models that can work well with different 

environmental situations and types of cotton. Better 

processing technologies and modern approaches to collecting 

data will play a big role in optimizing the system. 

Incorporating advanced sensors into assessment systems 

offers hopes for making assessments more reliable and 

correct. There are many ways companies can use these 

opportunities for better results. Quality reviews could be 

made more effective if IoT, edge computing and blockchain 

were used together. Because processing can be done in the 

cloud and assessments are on mobile devices, accessibility 

and scalability are easier. 

F. How the Theory is Put to Good Use  

Assessment of cotton fiber quality using AI benefits a 

variety of industries. Manufacturing benefits include better 

quality of the product, lower operational costs and better 

                                        .           ’  

management and farm techniques have grown better, 

meaning higher quality crops and less waste which makes 

production more environmentally friendly. Having a 

consistent product improves the pricing of the good and 

makes the business more competitive in the market. 

Providing reliable quality assessment helped win customer 

satisfaction which in turn improved relationships in the 

market and set new industry standards. Even so, these 

advancements are not enough: ongoing efforts are required to 

fix current issues and make the most of these technologies. 

IV. CONCLUSION 

 The literature on cotton fiber quality assessment 

highlights significant advancements driven by the integration 

of artificial intelligence, machine learning, and image 

processing technologies. Key findings reveal that these 

methodologies have dramatically improved the accuracy and 

efficiency of quality evaluation processes. Machine learning 

techniques have enhanced prediction capabilities, while 

genomic insights into fiber traits have paved the way for more 

refined breeding strategies. Image processing innovations 

have streamlined grading processes and facilitated the 

detection of impurities, significantly reducing human error. 

However, several gaps remain, particularly regarding the 

reliance on high-quality, well-annotated datasets and the 

adaptability of AI models across diverse cotton varieties and 

environmental conditions. The potential impact of AI-driven 

assessments extends beyond improved accuracy; these 

technologies can promote sustainable practices within the 

textile industry by optimizing resource use and minimizing 

waste. As the industry increasingly aligns with sustainability 

imperatives, the integration of advanced technologies could 

revolutionize agricultural practices. Therefore, further 

exploration into AI methodologies and their real-world 

applications is essential, as is the development of 

comprehensive datasets and field trials to assess the 

effectiveness of these innovations. Ultimately, the ongoing 

evolution of AI and machine learning in cotton fiber quality 

assessment presents a promising frontier that can reshape 
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agricultural practices and enhance the overall quality of 

cotton products. 

V. RECOMMENDATIONS 

To further enhance cotton fiber quality assessment, 

several key recommendations should be considered. First, it 

is crucial to invest in the development of high-quality, well-

annotated datasets to train machine learning models 

effectively. Collaboration between researchers, agricultural 

institutions, and industry stakeholders can facilitate the 

creation of comprehensive datasets that reflect the diversity 

of cotton varieties and environmental conditions. 

Additionally, researchers should explore the implementation 

of active learning techniques to streamline the labeling 

process and reduce the time and effort required for data 

annotation. Furthermore, the adaptation of AI models to 

account for environmental variability should be prioritized, 

ensuring that these technologies can deliver reliable 

assessments across different contexts. Expanding the 

application of advanced image processing methods will also 

be beneficial, particularly for improving the detection of 

impurities and enhancing grading accuracy. Finally, real-

world trials should be conducted to evaluate the effectiveness 

of AI-driven technologies in practical agricultural settings, 

allowing for the refinement of methodologies based on field 

performance. By addressing these recommendations, the 

cotton industry can leverage advanced technologies to 

optimize quality assessment processes and enhance overall 

product quality sustainably. 

REFERENCES 

[1] M. N. Shamsiddinovich, A. Z. Muzaffarovna, and V. X. Ulugbekovich, 

“                                               q               

         ” The American Journal of Agriculture and Biomedical 

Engineering, vol. 3, no. 06, pp. 30-37 2021, 
https://doi.org/10.37547/tajabe/Volume03Issue06-04.  

[2] A. Hussain et al., “                                                     

             q                       ” Materials, vol. 15, no. 9, p. 3242, 
2022, https://doi.org/10.3390/ma15093242.  

[3] I. Theresa, A. Martins, I. T. Martins, P. C. Sentelhas, and J. H. Martins, 

“Q                                                                
           ” Global Journal of Engineering and Technology Advances, 

vol. 15, no. 02, pp. 033-051 2023, 
https://doi.org/10.30574/gjeta.2023.15.2.0082.  

[4] D. J. Hinchliffe et al.  “                                        q       

                                                                 ” 
Journal of Industrial Textiles, vol. 53, 2023, 
https://doi.org/10.1177/15280837231171312.  

[5] A.  .           . A.              “                       
                                                                       ” 

Fibers, vol. 7, no. 12, p. 101, 2019, 

https://doi.org/10.3390/fib7120101.  

[6] M. S. Iqbal et al.  “                                        q          A-

             A                                 ” Frontiers in 
Genetics, vol. 12, p. 758665, 2021, 
https://doi.org/10.3389/fgene.2021.758665.  

[7] A. K.           A.   j       “                 q                

cotton fiber using integrated best-worst method-revised analytic 

                  ” Journal of Natural Fibers, vol. 20, no. 2, p. 
2210324, 2023, https://doi.org/10.1080/15440478.2023.2210324.  

[8]  .  .         J.  .    j          .  .   q     “             

          : A        ” The Journal of the Textile Institute, vol. 115, 
no. 1, pp. 159-170, 2022, 
https://doi.org/10.1080/00405000.2022.2157940.  

[9] A. Metin and T. T. Bilgin, “Automated machine learning for fabric 

quality prediction: a comparative analysis ” PeerJ Computer 
Science, vol. 10, p. e2188, 2024, https://doi.org/10.7717/peerj-cs.2188.  

[10] Y. F. Tu, M. Y. Kwan, and K. L. Yick, “A systematic review of AI-

driven prediction of fabric properties and handfeel ” Materials, vol. 17, 

no. 20, p. 5009, 2024, https://doi.org/10.3390/ma17205009.  

[11] S. F. Kabir, and S. Haque, “A mini review on the innovations in sizing 

of cotton ” Journal of Natural Fibers, vol. 19, no. 13, pp. 6993-7007, 
2022, https://doi.org/10.1080/15440478.2021.1941486.  

[12] Z. Y. Yang, W. K. Xia, H. Q. Chu, W. H. Su, R. F. Wang, and H. Wang, 
“A Comprehensive Review of Deep Learning Applications in Cotton 

Industry: From Field Monitoring to Smart Processing ” Plants, vol. 14, 
no. 10, p. 1481, 2025, https://doi.org/10.3390/plants14101481.  

[13] A. G. Harshitha, S. Kumar and A. Jain, "A Review on Organic Cotton: 

Various Challenges, Issues and Application for Smart 
Agriculture," 2021 10th International Conference on System Modeling 

& Advancement in Research Trends (SMART), pp. 143-149, 2021, 
https://doi.org/10.1109/SMART52563.2021.9675301.  

[14] W. Xu, W. Yang, P. Chen, Y. Zhan, L. Zhang, and Y. Lan, “Cotton 

Fiber Quality Estimation Based on Machine Learning Using Time 

Series UAV Remote Sensing Data ” Remote Sensing, vol. 15, no. 3, p. 
586, 2023, https://doi.org/10.3390/rs15030586.  

[15] E. Gültekin,  . İ. Çelik, H. K. Kaynak, S. B. Zorlu, M. Kertmen, and 

F. Mert, “Image Processing Approach for Foreign Material Detection 

in Cotton Bundle,” Tekstil ve Mühendis, vol. 31, no. 133, pp. 1-7, 2024, 
https://doi.org/10.7216/teksmuh.1459876.  

[16]  . U.  .      . A.           “                                  

                  ” European Journal of Contemporary Business Law 

& Technology: Cyber Law, Blockchain, and Legal Innovations, vol. 1, 
no. 5, pp. 4-6, 2024, https://doi.org/10.61796/ejcblt.v1i5.533.  

[17] M. Q. Siddiqui, H. Wang, H. Memon, “Cotton Fiber Testing,” Cotton 
Science and Processing Technology, pp. 99-119, 2020, 
https://doi.org/10.1007/978-981-15-9169-3_6.  

[18] D. Wang, H. Peng, Y. Dan, F. Liu and L. Wang, "Algorithm on 
detection and identification of foreign fibers in raw cotton," The 2011 

International Conference on Advanced Mechatronic Systems, pp. 43-
46, 2011, https://ieeexplore.ieee.org/abstract/document/6024971.   

[19] O. J. Fisher, A. Rady, A. A. El-Banna, N. J. Watson, H. H. Emaish, 

“A                                                             
                             ” Textile Research Journal, vol. 93, no. 

11-12, pp. 2558-2575, 2023, 
https://doi.org/10.1177/00405175221145571.  

[20]  .          . Z      “                                               

                              ” IOP Conference Series: Earth and 
Environmental Science, vol. 687, no. 1, p. 012185, 2021, 
https://doi.org/10.1088/1755-1315/687/1/012185.  

[21]  . Z       .          . Z      “                                     
machine-picked seed cotton based on image processing and improved 

      4 ” Agronomy, vol. 12, no. 1, p. 66, 2021, 
https://doi.org/10.3390/agronomy12010066.  

[22] B. Peng, L. He, Y. Qiu, W. Dong, and M. Chi, “Image-signal 

correlation network for textile fiber identification ” Proceedings of the 
30th ACM International Conference on Multimedia, pp. 3848-3856, 
2022, https://doi.org/10.1145/3503161.3548310.  

[23] N. Khan, M. Vik, F. Irshad, A. Farooq, and M. A. Ashraf, 
“                                                                     

                  ” Turkish Journal of Agriculture and Forestry, vol. 

46, no. 6, pp. 919-932, 2022, https://doi.org/10.55730/1300-
011X.3053.  

[24] J. Wei, H. Bi, H. Yao, and F. Chen, “Research on cotton and flax fiber 

identification based on multi-scale features of the texture and Gaussian 

process classification ” Third International Conference on Image 

Processing and Intelligent Control (IPIC 2023), vol. 12782, pp. 123-
130, 2023, https://doi.org/10.1117/12.3001453.  

[25] A. A.             A.  . A      “A                                  
                                ” IOP Conference Series: Earth and 

Environmental Science, vol. 1202, no. 1, p. 012003, 2023, 
https://doi.org/10.1088/1755-1315/1202/1/012003.  

[26] M. F. Talu, K. Hanbay, and M. H. Varjovi, “CNN-based fabric defect 

detection system on loom fabric inspection ” Textile and Apparel, vol. 

32, no. 3, pp. 208-219, 2022, 
https://doi.org/10.32710/tekstilvekonfeksiyon.1032529.  

[27] Q. Liu, C. Wang, Y. Li, M. Gao and J. Li, "A Fabric Defect Detection 
Method Based on Deep Learning," IEEE Access, vol. 10, pp. 4284-
4296, 2022, https://doi.org/10.1109/ACCESS.2021.3140118.  

https://doi.org/10.37547/tajabe/Volume03Issue06-04
https://doi.org/10.3390/ma15093242
https://doi.org/10.30574/gjeta.2023.15.2.0082
https://doi.org/10.1177/15280837231171312
https://doi.org/10.3390/fib7120101
https://doi.org/10.3389/fgene.2021.758665
https://doi.org/10.1080/15440478.2023.2210324
https://doi.org/10.1080/00405000.2022.2157940
https://doi.org/10.7717/peerj-cs.2188
https://doi.org/10.3390/ma17205009
https://doi.org/10.1080/15440478.2021.1941486
https://doi.org/10.3390/plants14101481
https://doi.org/10.1109/SMART52563.2021.9675301
https://doi.org/10.3390/rs15030586
https://doi.org/10.7216/teksmuh.1459876
https://doi.org/10.61796/ejcblt.v1i5.533
https://doi.org/10.1007/978-981-15-9169-3_6
https://ieeexplore.ieee.org/abstract/document/6024971
https://doi.org/10.1177/00405175221145571
https://doi.org/10.1088/1755-1315/687/1/012185
https://doi.org/10.3390/agronomy12010066
https://doi.org/10.1145/3503161.3548310
https://doi.org/10.55730/1300-011X.3053
https://doi.org/10.55730/1300-011X.3053
https://doi.org/10.1117/12.3001453
https://doi.org/10.1088/1755-1315/1202/1/012003
https://doi.org/10.32710/tekstilvekonfeksiyon.1032529
https://doi.org/10.1109/ACCESS.2021.3140118


Control Systems and Optimization Letters, Vol. 3, No 2, 2025 220 

 

Marc Joshua Prudente, Advancements in AI-driven Cotton Fiber Quality Assessment Through Image Processing: A Comprehensive 

Review 

[28]  .        .        .            .       “                         

                                                    ” Materials 
Research Express, vol. 7, no. 7, p. 075101, 2020, 
https://doi.org/10.1088/2053-1591/aba3e4.  

[29] Z.         .      “                                                     
                                            : A        ” Journal of 

Cotton Science, vol. 25, no. 2, pp. 167-183, 2021, 
https://doi.org/10.56454/INBJ9899.  

[30]  .           .  . J          A.  .           “U             

(Gossypium hirsutum L.) fuzzy-                                ” 
Journal of Cotton Science, vol. 24, no. 3, pp. 112-120, 2020, 
https://doi.org/10.56454/YHKD3150.  

[31] Q. LaFave, S. P. Etukuri, C. L. Courtney, N. Kothari, T. W. Rife, C. A. 

Saski, “A                             q                           

                                  ” Methods and Protocols, vol. 6, no. 5, 
p. 92, 2023, https://doi.org/10.3390/mps6050092.  

[32] X. Zou et al.  “  -expression network analysis and hub gene selection 

for high-quality fiber in upland cotton (Gossypium hirsutum) using 
  A   q                 ” Genes, vol. 10, no. 2, p. 119, 2019, 
https://doi.org/10.3390/genes10020119.  

[33]  .            . A             .  .          “A                      

image processing and classification techniques for agriculture produce 

and modeling of quality assessment system for soybean industry 
       ” International Journal of Innovative Research in Electronics 

and Communications, vol. 6, no. 2, pp. 8-16, 2019, 
https://doi.org/10.20431/2349-4050.0602002.  

[34] A. A           .  .    j           .  .         “A             

                                                       ” Journal of 

Physics: Conference Series, vol. 1260, no. 3, p. 032001, 2019, 
https://doi.org/10.1088/1742-6596/1260/3/032001.  

[35]  .              .          “                                     
                                                        ” 

International Journal of Optics, vol. 2021, no. 1, p. 2520679, 2021, 
https://doi.org/10.1155/2021/2520679.  

[36]  .    j        A.  .    ć  “P                                          ” 

Proceedings of the International Scientific Conference - Sinteza 2020, 
pp. 312–317, 2020, https://doi.org/10.15308/Sinteza-2020-312-317.  

[37]  . A      .  .        A.          . P   ů       .            “U      

an artificial neural network for tensile strength prediction of nano 

                               ” Polymers, vol. 14, no. 5, p. 937, 2022, 
https://doi.org/10.3390/polym14050937.  

[38] K. Alibabaei et al.  “A                                                 

algorithms to support decision-                                  ” 

Remote Sensing, vol. 14, no. 3, p. 638, 2022, 
https://doi.org/10.3390/rs14030638.  

[39]  .      ñ       J.          “A                           

                                                      ” Advances in 
Science, Technology and Engineering Systems Journal, vol. 5, no. 3, 
pp. 207-213, 2020, https://doi.org/10.25046/aj050327.  

[40] N. Dai, H. Jin, K. Xu, X. Hu, Y. Yuan, W. Shi, “P                    

yarn quality based on attention-  U ” Applied Sciences, vol. 13, no. 
18, p. 10003, 2023, https://doi.org/10.3390/app131810003.  

[41] Y. H.     X.      .           . Z    “A                  -infrared 

spectroscopy and CNN-TCN for the identification of foreign fibers in 

              ” Journal of Natural Fibers, vol. 20, no. 1, p. 2172638, 
2023, https://doi.org/10.1080/15440478.2023.2172638.  

[42] N. Khalilisamani, Z. Li, F. A. Pettolino, P. Moncuquet, A. Reverter, C. 

P. MacMillan, “                          -based approaches to 

enhance genomic prediction: Integrating SNPs and gene networks for 

             q                   ” Frontiers in Plant Science, vol. 15, 
p. 1420837, 2024, http://dx.doi.org/10.3389/fpls.2024.1420837.  

[43] R. Gao et al.  “                                             :      
computing solutions with transformer technology and knowledge 

       ” Agriculture, vol. 14, no. 2, p. 247, 2024, 
https://doi.org/10.3390/agriculture14020247.  

[44] F. Morelli-Ferreira et al.  “                                     q    

                                                          ” Preprints, 
2021, https://doi.org/10.20944/preprints202112.0138.v2.  

[45] S. Bishnoi, N. Al-Ansari, M. Khan, S. Heddam, A. Malik, 

“                                                             
                     : A                                      ” 

Sustainability, vol. 14, no. 20, p. 13685, 2022, 
https://doi.org/10.3390/su142013685.  

[46] K. Muminov, B. Amanov, A. Buronov, N. Tursunova, L. Umirova, 

“A                           q                                   
                                ” SABRAO Journal of Breeding and 

Genetics, vol. 55, no. 2, pp. 453-462, 2023, 
http://doi.org/10.54910/sabrao2023.55.2.17.  

[47] H. Yamada et al.  “P                                                      

                          ” ACS Central Science, vol. 5, no. 10, pp. 
1717-1730, 2019, https://doi.org/10.1021/acscentsci.9b00804.  

[48] D. Azzimonti, C. Rottondi, A. Giusti, M. Tornatore, A. Bianco  “A      

vs transfer learning approaches for QoT estimation with small training 

         ” 2020 Optical Fiber Communications Conference and 
Exhibition (OFC), 2020, https://doi.org/10.1364/ofc.2020.m4e.1.  

[49] S. Qadri, “A Spatial Model of K-Nearest Neighbors for Classification 
of Cotton (Gossypium) Varieties based on Image Segmentation,” 

Lahore Garrison University Research Journal of Computer Science 

and Information Technology, vol. 5, no. 1, pp. 25-40, 2021, 
https://doi.org/10.54692/lgurjcsit.2021.0501173.  

[50]  .  j     . Z     J. K         J.      “      q                      
upland cotton (Gossypium hirsutum L.): Quantitative trait loci mapping 

                                          ” Frontiers in Plant Science, 
vol. 10, p. 1585, 2019, https://doi.org/10.3389/fpls.2019.01585.  

[51]  .  . P           . A.           J.  .    j     “A                       

                                                               ” 

AgriEngineering, vol. 2, no. 2, pp. 317-321, 2020, 
https://doi.org/10.3390/agriengineering2020021.  

[52] D. O. Kiobia, C. J. Mwitta, K. G. Fue, J. M. Schmidt, D. G. Riley, G. 
C. Rains, “A                                                   -

based insect pest detection systems for estimating agroecosystem 

                                  ” Sensors, vol. 23, no. 8, p. 4127, 

2023, https://doi.org/10.3390/s23084127.  

[53] M. Abu and Sayeed, "Improvement of the cotton fiber length 
measurements using high volume instrument (HVI) fibrogram," 

Master’s Thesis, Texas Tech University, 2020, 
https://hdl.handle.net/2346/86501.  

[54] S. Shahrabadi, Y. Castilla, M. A. Guevara Lopez, L. Magalhães, D. 

Garcia, and T. Adão, "Defect detection in the textile industry using 

image-based machine learning methods: a brief review," Journal of 
Physics: Conference Series, vol. 2224, no. 1, p. 012010, 2022, 
https://doi.org/10.1088/1742-6596/2224/1/012010.  

[55] Q. Liu, Y. Zhang, and G. Yang, "Small unopened cotton boll counting 

by detection with MRF-YOLO in the wild," Computers and 

Electronics in Agriculture, vol. 204, p. 107576, 2023, 
https://doi.org/10.1016/j.compag.2022.107576.  

[56] W. H. Su, "Advanced machine learning in point spectroscopy, RGB- 

and hyperspectral-imaging for automatic discriminations of crops and 
weeds: A review," Smart Cities, vol. 3, no. 3, p. 39, 2020, 
https://doi.org/10.3390/smartcities3030039.  

[57] W. Wei, C. Zhang, and D. Deng, "Content estimation of foreign fibers 

in cotton based on deep learning," Electronics, vol. 9, no. 11, p. 1795, 
2020, https://doi.org/10.3390/electronics9111795.  

[58] J. Neupane, J. M. Maja, M. Marshall, and M. Cutulle, "Effect of 

Controlled Defoliant Application on Cotton Fiber Quality," Applied 
Sciences, vol. 13, no. 9, p. 5694, 2023, 
https://doi.org/10.3390/app13095694. 

 

https://doi.org/10.1088/2053-1591/aba3e4
https://doi.org/10.56454/INBJ9899
https://doi.org/10.56454/YHKD3150
https://doi.org/10.3390/mps6050092
https://doi.org/10.3390/genes10020119
https://doi.org/10.20431/2349-4050.0602002
https://doi.org/10.1088/1742-6596/1260/3/032001
https://doi.org/10.1155/2021/2520679
https://doi.org/10.15308/Sinteza-2020-312-317
https://doi.org/10.3390/polym14050937
https://doi.org/10.3390/rs14030638
https://doi.org/10.25046/aj050327
https://doi.org/10.3390/app131810003
https://doi.org/10.1080/15440478.2023.2172638
http://dx.doi.org/10.3389/fpls.2024.1420837
https://doi.org/10.3390/agriculture14020247
https://doi.org/10.20944/preprints202112.0138.v2
https://doi.org/10.3390/su142013685
http://doi.org/10.54910/sabrao2023.55.2.17
https://doi.org/10.1021/acscentsci.9b00804
https://doi.org/10.1364/ofc.2020.m4e.1
https://doi.org/10.54692/lgurjcsit.2021.0501173
https://doi.org/10.3389/fpls.2019.01585
https://doi.org/10.3390/agriengineering2020021
https://doi.org/10.3390/s23084127
https://hdl.handle.net/2346/86501
https://doi.org/10.1088/1742-6596/2224/1/012010
https://doi.org/10.1016/j.compag.2022.107576
https://doi.org/10.3390/smartcities3030039
https://doi.org/10.3390/electronics9111795
https://doi.org/10.3390/app13095694

