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ABSTRACT 

Optical imaging techniques have gained widespread popularity in grain quality evaluation 
due to their non-destructive nature, rapid analysis, and ability to provide detailed informa-
tion about various grain properties. This review highlights recent advancements in optical 
imaging technologies, including hyperspectral imaging (HSI), multispectral imaging (MSI), 
RGB imaging, fluorescence imaging (FI), thermal imaging (TI), and ultraviolet imaging (UVI) 
along with their future perspectives. These techniques are discussed in terms of their 
principles, applications, and potential for non-destructive assessment of grain quality 
parameters such as composition, defects, and contamination. A comparative analysis of 
these techniques is provided, emphasizing their precision, application areas, and limita-
tions. Challenges such as calibration model development, illumination variability, and the 
complexity of image analysis are critical for widespread adoption to construct robust and 
generalised models. Despite these challenges, integrating these imaging techniques offers 
significant opportunities for improving grain sorting, storage, and processing. By providing 
comprehensive and objective data, these technologies have the potential to revolutionize 
grain quality monitoring and enhance postharvest management practices, enabling greater 
efficiency and reduced costs. 
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1 Introduction 

Grain quality evaluation is a critical aspect of the grain industry, as it impacts the safety, nutritional value, 
and marketability of grain products (Ndubisi et al., 2022). The quality evaluation encompasses the assess-
ment of a range of physical and chemical properties, including size, shape, colour, moisture content, protein 
levels, and the detection of defects or contaminants (Neerja & Renu, 2019). Traditionally, grain quality 
assessment relies on destructive techniques, such as proximate analysis and sensory evaluation, which 
involve altering or destroying samples through grinding, sieving and chemical analysis (Liu et al., 2022). 
These methods are time-consuming, labour-intensive, and expensive, with notable drawbacks including 
low accuracy, high costs, and prolonged analysis durations (Wang et al., 2019). 

In recent years, optical imaging techniques have emerged as a promising tool for non-destructive grain 
quality evaluation (Wang et al., 2018). These techniques offer advantages such as high accuracy, rapid 
analysis, and cost-effectiveness while simultaneously providing information on multiple quality parameters 
(Gan et al., 2021). They also enable high-precision measurement and the ability to evaluate a large number 
of samples efficiently (Zhou et al., 2019). Various types of radiation, including visible, near-infrared (NIR), and 
mid-infrared (MIR), are utilized to obtain detailed images of grain samples and analyse their physical and 
chemical properties (Liu et al., 2017). 
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Optical imaging systems have undergone significant developments in recent years. It has been increas-
ingly used in agriculture for various applications, including crop monitoring, disease detection, and yield 
estimation (Talaviya et al., 2020). However, challenges such as high costs, system complexity, and limited 
accessibility hinder widespread adoption, particularly for small-scale farmers. There is an urgent need for 
accurate, portable, and cost-effective optical imaging systems that integrate real-time machine learning 
(ML) models for field-based grain quality assessment. This review aims to provide a comprehensive 
overview of the latest advancements in optical imaging techniques for grain quality evaluation, focusing 
on their principles, applications, and limitations. Additionally, it explores their potential to address critical 
challenges, including the growing demand for high-quality grain products and the need for optimized 
storage and handling practices. By consolidating state-of-the-art developments, this review seeks to inform 
decision-making and drive innovation in the agricultural and grain sectors. 

2 Quality of grain 

Grains are an important source of nutrition for animals and humans. They are widely cultivated and 
consumed around the world, making them an important commodity for both food and feed industries. The 
quality of grains can be assessed based on various external and internal parameters. External quality 
encompasses physical attributes such as grain size, shape, colour, and texture. These characteristics 
significantly influence the appearance and sensory properties of final products. For instance, grain size 
and shape affect cooking time and texture, while colour and texture contribute to visual appeal and 
mouthfeel. Internal quality refers to the chemical properties of the grains that can affect their nutritional 
value and processing characteristics. Moisture content, protein content, and starch content affect the 
cooking quality and the grain's nutritional value, while contaminants such as mycotoxins, heavy metals, and 
pesticide residues affect their safety and overall quality (Zahra et al., 2022). 

Grains are essential sources of nutrients and have several physicochemical and physiological properties. 
Physiochemical properties are those properties of a substance that can be observed or measured without 
changing the chemical composition of the substance, while physiological properties refer to the character-
istics or functions of the plant that are related to its growth, development, and metabolism. These 
properties are important in understanding how plants respond to various environmental factors, and 
how they carry out essential functions such as photosynthesis, water, nutrient uptake, and reproduction. 
They are composed of a range of components, including proteins, carbohydrates, lipids, minerals and 
vitamins which contribute to their overall composition. Physiochemical quality encompasses the physical 
aspects of grains, as well as chemical characteristics, including moisture, protein, fat, fibre, carbohydrates, 
and vitamins. These characteristics can be affected by environmental conditions, such as temperature and 
humidity, as well as by genetic variability. Physiological quality, on the other hand, pertains to the 
functional characteristics of grains, including their germination capacity, sprouting potential, and storage 
viability (Poornima & Shantha, 2023). Influenced primarily by genetic factors, this aspect of quality is crucial 
for ensuring a stable and dependable food supply. Different studies have extensively examined the 
physicochemical and physiological traits of various grains, highlighting notable differences across varieties 
in these properties. For example, Li et al. (2022) reported that some grain varieties possess higher protein 
content, while others demonstrate increased resistance to specific diseases, making them more suitable for 
particular food production purposes. Evaluating both physicochemical and physiological parameters is 
essential when selecting grains to ensure optimal performance and consistent product quality. Ultimately, 
both external and internal grain qualities play a critical role in determining their suitability for diverse food 
and feed applications. 

3 Optical imaging systems and image processing 

Optical imaging systems have been increasingly applied in agriculture to collect environmental data and 
support decision-making processes (Zhongzhi, 2019). This technique employs different wavelengths of light 
to capture images of plants, offering valuable insights into their health, growth, and yield. Optical imaging 
has also been applied to grain analysis, such as assessing chlorophyll content and canopy structure in crops, 
which serves as an indicator of plant productivity and potential yield (Zhang et al., 2022). One of the 
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primary applications of optical imaging in agriculture is plant stress measurement. For example, this 
technique has been employed to study the effects of drought and heat stress on crops, such as wheat 
and corn (Li et al., 2022). By detecting changes in light absorption and reflectance in plant tissues, these 
methods can identify early signs of stress before visible symptoms manifest. Optical imaging systems, 
integrated with computer vision (CV) and pattern recognition, enable comprehensive analysis of plant 
growth from germination to root development (Lube et al., 2022). These systems offer high-quality tools for 
reliably analysing various plant structures, including seed shape and colour intensity (Zhang et al., 2018). 
Moreover, when combined with artificial intelligence (AI), these methods are cost-effective and straightfor-
ward to implement (Teena et al., 2016). 

3.1 System components 

Optical imaging works by capturing images of objects using light. The primary hardware components of an 
optical imaging system include a light source, optical lenses, optical filters, a detector, and electronic 
components for processing the acquired data, as depicted in Figure 1. The light source illuminates the 
target area, and the detector measures the scattered light (Yoon et al., 2020). The light source can be a laser 
or a broadband light source, such as a lamp or an LED. The lens focuses the light onto the detector, while 
optical filters remove unwanted wavelengths to enhance image contrast (Vollmer, 2021). The detector, 
typically a charge-coupled device (CCD) or complementary metal-oxide-semiconductor (CMOS) image 
sensor, captures the light and converts it into an electrical signal. This signal is processed to form an 
image (Scheffer, 2007). The behaviour of light in these systems is determined by its interaction with the 
object being imaged, while the hardware components are responsible for capturing and processing the 
light information. 

Optical lenses are critical components in an optical imaging system, as they collect and focus light onto 
the imaging sensor or detector. A lens consists of a curved glass element that refracts light in a specific 
direction. Some lens components are fixed within the barrel, while others can be adjusted to facilitate 
functions such as zooming, focusing, and image stabilisation. Key lens features include lens speed, focal 
length, and focusing mechanism (Qandil et al., 2019). 

Optical filters selectively transmit or block certain wavelengths or ranges of light. These filters are made 
from materials, such as glass, plastic, and thin films, with material choice depending on spectral require-
ments, durability, and cost. Glass filters, while more robust and efficient at transmitting light, are typically 
more expensive than plastic filters. Thin film filters, created by depositing thin layers of various materials 
onto a substrate, offer precise control over spectral characteristics. Optical filters are classified based on 

Figure 1. Schematic representation of an optical imaging system. 
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their spectral transmission or absorption characteristics into types such as bandpass filters, long-pass filters, 
short-pass filters, neutral density filters, and colour filters (Liu et al., 2021). Neutral density filters reduce light 
intensity across a broad spectral range without altering its colour, making them particularly useful in 
applications like photography and light management. By controlling light intensity, these filters facilitate 
longer exposure times or larger apertures. Colour filters, on the other hand, selectively transmit or block 
specific wavelengths of light to modify colour. Commonly used in photography and cinematography, they 
create colour effects or enhance colour balance. Depending on the application, colour filters can be 
classified as subtractive, which block certain wavelengths, or additive, which transmit specific wavelengths 
(Guo et al., 2021). 

3.2 Fundamental mechanism 

The behaviour of light in optical imaging is governed by the principles of geometrical optics and wave 
optics. Geometrical optics focuses on the path of light rays as they traverse different materials, explaining 
how light forms images. In contrast, wave optics examines light as a wave, describing phenomena such as 
diffraction and interference. When light interacts with an object, it is absorbed, scattered, or transmitted, 
depending on the object's properties and the wavelength of the light. The detected light is then converted 
into an image or quantitative data using suitable imaging modalities, which can be analysed to extract 
valuable insights about the sample's structure, function, or molecular composition (Umul, 2008). This 
interaction between light and matter provides critical information about the object's structure and 
condition. Berger et al. (2018) emphasized that the fundamental principle of optical imaging lies in this 
interaction. As light passes through a transparent medium, a portion is absorbed by the medium and 
converted into heat, while the rest is scattered in various directions. The intensity and wavelength of the 
scattered light depend on factors such as the size, shape, and refractive index of the scattering particles (Lin 
et al., 2021). Optical imaging systems capture the light that interacts with the sample, which may include 
transmitted light that has passed through the object and emitted light from processes like fluorescence. 
This combination of transmitted and emitted light forms the basis for generating detailed images or 
datasets (Umul, 2008). 

3.3 Image processing techniques 

Image processing is a crucial step in preparing raw image data for CV applications, ensuring an optimal 
format of data for subsequent analysis. It enhances image quality by removing distortions and emphasising 
essential features, thereby improving the performance of AI and ML models in grain quality evaluation. Key 
preprocessing techniques include resizing, which standardizes image dimensions for consistency across 
datasets, and grayscaling, which reduces computational load and complexity by converting colour images 
to grayscale. Noise reduction techniques such as Gaussian blur and median filtering improve image clarity 
by minimising distortions. Normalisation adjusts pixel intensity values to a defined range, typically 0 to 1, 
enhancing analytical efficiency. Binarization, achieved through thresholding, simplifies images into black- 
and-white representations for easier feature extraction. Contrast enhancement techniques, like histogram 
equalisation, improve visibility by adjusting the distribution of brightness (Jimoh et al., 2025). 

Despite these advancements, challenges remain in ensuring the reliability of optical images for grain 
quality assessment. Distortions such as noise interference, uneven lighting, low contrast, and improper 
exposure can degrade image clarity. Effective preprocessing techniques address these inconsistencies, 
improving data integrity and the accuracy of downstream analysis. A well-structured preprocessing work-
flow is essential, as multiple techniques may be required depending on imaging modality and application. 
Poor preprocessing choices can negatively impact AI model performance, leading to unreliable predictions. 
While many techniques are universally applied, their implementation varies based on the imaging system 
and data type. 

For instance, HSI generates complex, high-dimensional datasets that require spectral denoising and 
dimensionality reduction to optimize spectral band management (Zhu et al., 2025). In contrast, RGB images, 
being simpler, typically undergo basic filtering, colour correction, and segmentation to address lighting 
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inconsistencies and enhance grain texture or defect visibility. FI often employs background subtraction and 
thresholding to distinguish fluorescence signals from background surrounding noise. 

4 Application of optical imaging for grain quality evaluation 

In recent years, optical imaging systems have been increasingly utilized to assess grain quality. These 
systems are employed to identify and classify grains based on product type and variety, as well as to help 
detect the presence of diseases and infestation. A summary of the various applications of optical imaging in 
grain quality evaluation is provided in Table 1. 

4.1 RGB imaging 

RGB imaging refers to the use of the red, green and blue colour model to capture and represent images. 
The RGB colour model is device-dependent, meaning different devices can detect or reproduce RGB values 
differently (Steve, 2006). RGB imaging has been applied in the agricultural industry for tasks such as 
detecting disease or insect damage, identifying nutrient deficiencies, evaluating the quality of agricultural 
products, and sorting and grading fruits and vegetables. It is a cost-effective, non-destructive, rapid, 
accurate, and automatic system, that can be applied in both laboratory and field settings (Mohd Ali 
et al., 2020). Moreover, RGB imaging system process and analyse digital images to determine specific 
attributes, such as shape or colours which facilitate object recognition through automatic processing. The 
system electronically perceives and evaluates an image by emulating human vision (Bachik et al., 2020). A 
typical RGB imaging system for agricultural applications includes an imaging sensor, a light source for 
illumination, a computer or processor for running image processing algorithms, a holder or platform for 
positioning the plant sample, and an LCD screen for displaying output data, as shown in Figure 2. 

RGB imaging is a rapidly growing field with many applications in the monitoring and evaluation of grain 
quality. This technology has been used to monitor grain quality during production and to facilitate accurate 
evaluation of the final product for sale or consumption. RGB imaging systems can detect defects in grains, 
such as discolouration or insect damage, which are difficult to identify with the human eye (Aznan et al., 
2021). For monitoring grain quality during production, RGB imaging systems can quickly identify issues with 
crop yield such as pest infestations or fungal growths (Lu et al., 2017). By analysing images taken from 
various angles along with colour information gathered through spectroscopy techniques (Choudhury, 
2014), these systems can assess crop health without human intervention. This data can then be used by 
farmers or producers to make informed decisions about crop management to optimize yields while 
minimising losses due to pests or disease outbreaks (Lu et al., 2017). Additionally, when evaluating finished 
products prior to sale or consumption, RGB imaging plays a vital role in ensuring consistent standards 
across multiple batches. 

When image analysis is integrated with ML algorithms specifically tailored to each food type, these systems 
can detect not only physical defects but also subtle variations in taste profiles capabilities that would ordinarily 
require expert human assessment (Ireri et al., 2019). This capability allows producers to achieve greater 
consistency throughout their supply chain while reducing labour costs traditionally associated with manual 
inspection before products reach the marketplace (Bao & Li, 2020). Ghyar and Birajdar (2017) showed that RGB 
imaging, combined with SVM and ANN classifiers, could accurately detect pests in rice, achieving classification 
rates of 93% and 88%. Abu Bakar et al. (2018) successfully detected rice leaf blast early and differentiated 
infection severity levels using image processing. Suman and Dhruvakumar (2015) classified various rice diseases 
with an SVM classifier and an RGB camera. In maize, Guo et al. (2021) monitored crop growth and identified 
Tasselling Dates (TD) with a Root Mean Square Error (RMSE) of 5.77 days, while Ge et al. (2016) found strong 
correlations between RGB image data and maize biomass at early growth stages (R² > 0.95). Overall, RGB 
imaging is a valuable tool for grain quality monitoring, disease detection, and damage assessment. 

4.2 Visible and near-infrared imaging 

Visible (VIS) and NIR imaging are powerful technologies used to monitor grain quality, assess grain 
processing, and ensure food safety as illustrated in Figure 3. Visible imaging provides a direct view of 
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surface characteristics such as shape, colour, and size, while NIR spectroscopy measures properties like 
protein content, moisture levels, and oil content. Both techniques have been widely studied in relation to 
cereal grain storage (Shen et al., 2019). For instance, VIS imaging has been used to detect cracks in rice 
kernels (Wang et al., 2022), while NIR spectroscopy has been employed to measure components in wheat 
flour, such as starch and water absorption capacity (Zhang et al., 2022). These methods provide valuable 
information on overall quality parameters, helping decision-makers determine whether stored grains 
should remain in storage based on their market value (Feng et al., 2019). 

VIS and NIR imaging serve as powerful tools for grain monitoring and applications. By combining the 
visible light spectrum with NIR, these techniques capture detailed information about grains' physical 
characteristics, including size, shape, moisture content, and colour (Jimoh et al., 2025). This data can be 
used to optimize harvest timing or identify potential storage issues like insect infestations or fungal growth. 
Additionally, the technology has found applications in agricultural research for crop yield prediction, the 
food processing industry for quality control, and the seed production industry for genetic selection. Wang 
et al. (2022) used 283 visible and NIR imaging to evaluate the quality of rice grains, finding that the 
technique accurately 284 predicted quality attributes like protein content and dough strength. Ramirez 

Figure 2. Schematic diagram of an RGB imaging, with each pixel is combined with three discrete colour values, which 
are integrated from wide R, G, B spectra (Jingang et al., 2022). 

Figure 3. Schematic illustration of a VIS-NIR imaging system, showing the electromagnetic spectrum and highlighting 
the positions of the VIS and NIR spectral regions. 
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et al. (2019) applied 285 VIS and NIR imaging to predict protein and moisture content in grains, achieving R² 
values greater than 0.9. Furthermore, Visible-NIR imaging provides a reliable and efficient method of 
monitoring grain quality, offering numerous advantages over traditional inspection methods and making 
it an invaluable resource in modern agriculture. 

4.3 Multispectral imaging 

Multispectral Imaging (MSI) is an advanced technique for grain monitoring that uses multiple wavelengths 
of light to capture detailed images as depicted in Figure 4. These wavelengths can include visible spectrum 
(red, green, and blue), or non-visible spectrum, such as in the infrared or ultraviolet range. By analysing data 
across these wavelengths, it is possible to identify materials and their properties in the scene. This 
technology enhances grain quality assessment by detecting subtle characteristics like moisture content, 
protein levels, discoloration, and texture more accurately than traditional methods (Hussein et al., 2019). An 
additional advantage of MSI is its flexibility; it can be applied on-site or remotely, using drone or satellite 
imagery (Giraldo & Venturini, 2020). It is also highly effective for agricultural remote sensing, enabling quick 
assessments through comprehensive high-resolution datasets. 

Several studies have demonstrated the effectiveness of MSI in grain applications. Gonzá et al. (2020) 
showed that MSI can remotely measure parameters such as size, shape, colour, and moisture content. Liu 

Figure 4. Schematic representation of the MSI system and image analysis for seed quality evaluation. 
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et al. (2014) successfully distinguished transgenic rice seeds from non-transgenic ones using chemometric 
analysis combined with a least squares support vector machine (LS-SVM), achieving 100% classification 
accuracy. MSI has also been used to identify maize defects, for example, Li et al. (2022) applied MSI with a 
genetic algorithm-back-propagation neural network (GA-BPNN) to detect zearalenone (ZEN) contamination 
in maize, reaching an accuracy of 93.33%. Sendin et al. (2018) used object-wise partial least squares 
discriminant analysis (PLS-DA), achieving classification accuracies ranging from 83% to 100%. 

Different approaches to MSI, such as filters, prisms, and hyperspectral sensors, are tailored to specific 
applications, each offering distinct advantages and limitations depending on the imaging system's require-
ments (Alnaggar et al., 2023). For instance, Sun et al. (2009) detected barley scab using MSI and found that 
the LS-SVM model provided the highest prediction accuracy at 93.9%. Zhang et al. (2018) demonstrated the 
utility of MSI in monitoring the moisture content of stored rice, which is crucial for preventing pest 
infestations and diseases. Additionally, Xu et al. (2017) showed that MSI can enhance crop yields by 
improving the accuracy of pest control. By leveraging MSI, farmers can make more informed decisions, 
resulting in greater productivity and reduced labour. 

4.4 Hyperspectral imaging 

HSI is an advanced photoelectric, non-destructive testing that combines spectral and imaging data. HSI 
acquisition methods can be categorized into three types: point, line, and surface scanning. Point scanning 
captures the spectrum of one pixel at a time, making it inefficient (Lu et al., 2017). Line scanning is more 
common, simultaneously capturing the spectrum of all points along a scanning line. Surface scanning, 
however, stands out by acquiring a full spatial image at a single wavelength in one step (Li et al., 2022). HSI 
captures and analyses images across a wide range of electromagnetic wavelengths, typically covering 
visible and near-infrared spectra (Ravikant et al., 2017). While similar to MSI, HSI provides finer spectral 
resolution with more spectral bands. The rich spectral data obtained can be analysed using image- 
processing techniques to extract crucial features, provided that no valuable information is lost during 
processing. Reflectance, absorbance, or both spectra can be produced, facilitating chemometric analysis. 
Diffuse reflectance spectra are generated when near-infrared radiation penetrates deep into samples, while 
absorbance spectra result from radiation absorbed by the sample, enabling sample characterisation and 
concentration determination. 

HSI generates a comprehensive dataset called a data cube, consisting of 50–300 images captured at 
various wavelengths with a spectral resolution of 1–10 nm. These images can be transformed into 
radiometric quantities like transmittance, absorbance, and reflectance, revealing chemical compositions 
and physical properties (Adebayo et al., 2016). A typical HSI system comprises a charge-coupled device 
(CCD) camera, detector, frame grabber, filter, illumination system (e.g. halogen lights), and a computer for 
processing the large datasets (Bachik et al., 2020), as illustrated in Figure 5. 

HSI has proven effective in grain quality evaluation by identifying traits such as protein, starch, and 
moisture content. For instance, it has been employed to accurately predict the protein content, falling 
number, and sedimentation value of wheat (Jha et al., 2017). Similarly, Sun et al. (2021) demonstrated its 
utility in analysing barley seeds using discriminant models like k-nearest neighbours (KNN), SVM, and RF. 
Feature wavelength selection using the successive projections algorithm further improved prediction 
accuracy, achieving over 93% for wheat and maize quality assessments. HSI technology was also used to 
quantitatively predict the contents of sucrose, caffeine, and triglycerides in single coffee beans (Caporaso 
et al., 2018). 

By capturing several small spectral bands across a broad range of wavelengths, HSI enables the 
identification of specific molecular and chemical compounds within grains. Femenias et al. (2022) used 
HSI to predict chemical compounds in rice, showing that it can accurately predict protein, moisture, and 
amylose contents with coefficients of determination (R2) of 0.95, 0.92, and 0.89, respectively. In addition, HSI 
can distinguish between different types of rice, such as jasmine rice and basmati rice, based on their 
spectral characteristics. A study by Aulia et al. (2022), used HSI to predict the protein content of soyabeans, 
the spectral data acquired from the HSI 3D hypercube were synced to the chemical analysis reference 
values. The calibration model was built using partial least square regression (PLSR) techniques and verified 
using the remaining 30% of spectral data. The HSI methodology was shown to be a viable method for 
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predicting protein content in soybean seeds, with an R2 of 0.92 and an RMSE of 1.08%. Furthermore, the 
chemical pictures visualized the distribution of protein content for many soybean seeds, demonstrating the 
potential of the established approach for the application of a quick assessment of huge samples in the 
processing line. 

One key application of HSI is detecting and identifying materials and substances based on their unique 
spectral signatures (Sun et al., 2023). For example, it can be used to identify the presence of certain 
chemicals, minerals, or biological materials in a sample, based on the absorption and reflection of light at 
different wavelengths (Ravikant et al., 2017). A study by Wang and Song (2023) used HSI for identifying the 
variety of sweet maize seeds. The experimental analysis results show that the deep learning model 
performed best with a classification accuracy of over 95% in the training and test sets. 

Additionally, HSI can be used to detect contaminants such as mycotoxins, which are toxic compounds 
produced by certain fungi, which pose risks to human health and grain quality. The HSI technique can be 
used to monitor diseases and the level of infestation in grains. Praprotnik et al. (2023) used HSI to detect 
pest infestation in maize for 28 days. It was detected that pest infestation in maize has the highest overall 
accuracy on day 14 (84.7%) and the lowest on day 28 (67%). A study by Yipeng et al. (2022) used the ‘Bag of 
texton’ (BoSW) model to analyse the 3D HSI of rice panicles from more than 50 cultivars. The samples were 
collected in two different seasons from the same field under natural conditions to enable blast disease 
grading. The study used an HSI to capture images of 312 rice panicles at the yellow-ripe stage, which had 
different levels of blast infection (0, 1, 3, 5, 7, and 9). The images were collected in two batches and a 
spectrum prototype concept was proposed. The statistical distribution of the spectrum prototype was then 
used to grade the severity level of the rice blast, with 186 samples used for training and 126 for testing, 
combining the two batches. The results showed that the proposed method was able to grade rice panicle 
blasts with 81.41% accuracy for six-class grading and 96.40% accuracy for two-class grading in the 
validation datasets. The classification model was constructed using an SVM, and the BoSW method offered 
the best performance compared to the other baseline methods. Another study by Senthilkumar et al. (2016) 
used HSI to detect fungal disease in stored barley. A significant wavelength and histogram characteristics 
were identified and utilized as input for linear, quadratic, and Mahalanobis statistical classifiers. To 
distinguish between sterile and infected kernels, pairwise, two-class, and six-class classification models 
were created. The three classifiers distinguished sterile kernels with a classification accuracy of more than 
94%, fungal-infected kernels with a classification accuracy of more than 80% during the earliest stages of 
fungal infection, and fungal-infected kernels with a classification accuracy of 100% after four weeks of 
storage. 

Figure 5. Setup for HSI system (Jimoh et al., 2023). 
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4.5 Fluorescence imaging 

FI is a valuable technique for analysing and characterising grains, particularly in plant and food sciences. It 
uses fluorescent dyes or labels to highlight specific components or structures within a sample, which are 
visualized using a microscope or imaging device. The method works on the principle that certain 
compounds emit light when excited by specific wavelengths. FI can detect various compounds, including 
proteins, carbohydrates, lipids, and pigments, making it effective for assessing grain quality traits such as 
protein content, starch content, and colour. Additionally, it can identify contaminants such as pesticide 
residues, which are crucial due to their potential health risks (Delwiche et al., 2019). 

A key advantage of FI is its high sensitivity and resolution, enabling the detection of trace amounts of 
fluorescently labelled molecules in a sample. This makes it particularly useful for 409 identifying and 
quantifying grain components such as proteins, carbohydrates, and lipids. Su et al. (2019) used FI to 
monitor the translocation behaviour of beans, demonstrating its effectiveness as a rapid and reliable 
method for studying the real-time movement of signalling markers in crop systems. Similarly, Herritt et al. 
(2020) applied FI to assess the photochemical efficiency of sorghum. Their findings showed that the 
imaging system accurately measured photochemical efficiency, with a strong correlation (r = 0.92) to 
handheld fluorometer readings. Moreover, the system effectively tracked the decline in photochemical 
efficiency caused by herbicide treatment over a seven-day period. 

FI is widely used in plant science to study the distribution and dynamics of grain components during 
development and maturation. For example, Zhang et al. (2019) demonstrated its ability to visualize starch granule 
distribution and accumulation in grain endosperm tissue. This helps identify differences in starch content and 
quality among plant species and varieties, which impacts food processing and nutritional value. FI has also been 
used to study plant defence mechanisms in grains. Jones et al. (2016) used it to map the distribution and 
accumulation of phytoalexins, compounds produced by plants in response to stress or infection. This insight aids 
in understanding plant stress responses and developing strategies to enhance crop resilience. 

FI is widely used in food science to study the structural and functional properties of grains and grain- 
based products. For example, Rathnayake et al. (2018) used FI to visualize the microstructure of grains, 
providing insights into factors affecting grain quality and texture. Zhao et al. (2018) demonstrated its 
application in monitoring maize growth rates. A promising use of FI in food science is analysing gluten 
proteins in grains. These proteins affect dough elasticity but can trigger adverse reactions in individuals 
with coeliac disease or gluten sensitivity. Graziano et al. (2020) used FI to study the distribution and 
structure of gluten proteins in various grain varieties and evaluate how processing techniques modify 
gluten structure. However, FI has limitations. It often requires fluorescent labels or dyes that may alter 
sample properties and are not suitable for all applications. Additionally, FI is limited to detecting labelled 
molecules, which might not fully represent the sample. The technique can also be time-consuming and 
requires specialized equipment and expertise, posing challenges for some research groups. 

4.6 Thermal imaging 

Thermal Imaging (TI) is a non-invasive and non-destructive technique widely used in food and agricultural 
sciences for analysing and characterising grains. By capturing infrared radiation emitted from objects and 
translating it into thermal images, the TI system reveals variations in thermal properties such as heat 
absorption, emission, and conduction as depicted in Figure 6. These variations correspond to the physical 
and chemical characteristics of grains, making it possible to assess their quality and detect defects. For 
instance, rice grains with varying moisture content exhibit distinct thermal profiles, enabling precise 
evaluations of grain quality and identification of adulteration or contamination. One key application of 
the TI system in grain analysis is moisture content determination, a critical factor affecting storage, shelf life, 
and processing. By analysing temperature gradients, TI can accurately measure both surface and internal 
moisture distribution in grains, such as rice, and assess its equilibrium moisture content during drying or 
storage (Vadivambal & Jayas, 2011). Additionally, TI is effective in detecting adulteration by identifying 
differences in thermal profiles between authentic and contaminated grains. For example, melamine- 
contaminated rice shows distinct thermal behaviours during heating, which can be detected using 
advanced image analysis and ML algorithms (Ponnusamy et al., 2023). 
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TI also excels in detecting structural defects in grains, such as cracks and fissures, by leveraging variations 
in thermal conductivity and heat retention. These defects, often invisible to the naked eye, are clearly 
distinguishable in thermal images (Osornio-Rios et al., 2019). Furthermore, TI provides valuable insights into 
the thermal behaviour of starch and proteins in grains, enabling studies of functional properties such as 
starch crystallinity and the amylose-amylopectin ratio. The technology has also been employed to detect 
pest infestations in stored grains by identifying thermal anomalies caused by metabolic heat generated by 
insects, offering a non-destructive solution for early pest detection. 

The advantages of TI include its portability, rapid imaging capabilities, and non-contact nature, making it 
ideal for on-site grain quality monitoring. It requires minimal sample preparation, offers real-time analysis, 
and can be integrated with advanced data analysis techniques like AI for enhanced accuracy and reliability 
(Estrada-Pérez et al., 2021). However, limitations such as sensitivity to external factors like ambient 
temperature and humidity, the high cost of equipment, and the need for skilled operators may restrict 
its widespread adoption in some settings. With ongoing advancements in imaging technology and data 
analytics, TI is expected to play a transformative role in grain quality assurance, supply chain management, 
and fraud detection. Its ability to provide reliable, cost-effective, and sustainable solutions makes it a 
valuable tool for addressing the growing demand for quality control in the food and agricultural industries. 

4.7 X-ray imaging 

X-ray imaging is a powerful tool for evaluating the internal quality of grains due to its ability to penetrate 
deep into materials and reveal hidden structures. X-rays, a type of electromagnetic radiation, possess high- 
energy wavelengths that allow them to interact with matter in a way that reveals internal damage such as 
cracks, fissures, and structural flaws within grains (Zhang, 2021). This capability is particularly beneficial for 
assessing the internal integrity of food grains, which is vital for determining their quality. X-rays can be 
divided into two types: hard X-rays and soft X-rays. Hard X-rays, which have shorter wavelengths (less than 
1 nm), are known for their higher energy and penetration power, whereas soft X-rays, with longer 
wavelengths (1–10 nm), are less penetrating (Olakanmi et al., 2023). 

In practical applications, X-ray systems commonly consist of a gas tube, or filament cathode, and an 
anode, which together generate X-rays that are emitted in all directions and pass through a glass window, 
as illustrated in Figure 7. The efficiency of X-ray production is influenced by the properties of the target 
material used in the anode, with certain materials enhancing the quantity and quality of the X-rays 
produced (Jimoh et al., 2023). X-ray imaging has been particularly useful in evaluating the structural quality 
of grains during and after various drying processes. For instance, Chatchavanthatri et al. (2021) used X-ray 
imaging to examine the internal microstructure of different rice types, such as brown and parboiled 
germinated rice, dried using various methods. They found that infrared drying significantly reduced fissures 
in the rice, resulting in a higher head rice yield, as revealed by X-ray imaging. Similarly, during the drying 
process, X-rays have been used to track the formation of fissures in rough rice kernels, with temperature 
and humidity levels shown to influence the extent of damage (Odek et al., 2020). Overall, X-ray imaging is 

Figure 6. Setup for TI system (a) adiabatic chamber includes the cuvette containing the rice samples; (b) thermographic 
camera located at 25 cm; (c) computer (Estrada-Pérez et al., 2021). 
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an essential tool for assessing the quality of grains, allowing for the detection of internal defects and 
offering valuable insights into the effects of different drying techniques on grain structure and quality. 

4.8 UV imaging 

Ultraviolet (UV) imaging is a powerful technique used in assessing the quality of grains, particularly in 
detecting various biochemical properties of plant tissues. The UV spectrum, ranging from 100 to 400 nm, 
plays a crucial role in the imaging process, as it can reveal structures and compounds that are otherwise not 
visible under visible light. UV radiation excites natural fluorophores within the grain tissues, causing them 
to emit fluorescence, which can then be captured in detailed images. These fluorophores, such as lignin and 
phenolic compounds, are key markers for understanding the structural and chemical composition of plant 
tissues (Corcel et al., 2016). In grain quality assessment, it is often employed to observe the integrity and 
structure of the cell walls, as plant cell walls contain compounds like lignin and hydroxycinnamic acids, 
which exhibit strong autofluorescence under UV light (Yoshioka et al., 2013). This fluorescence can be used 
to identify different layers of the grain, such as the aleurone layer, pericarp, and testa, by analysing 
multispectral images captured at different UV excitation wavelengths. These layers are of particular interest 
in grain quality analysis because their structure influences properties such as grain hardness, nutritional 
content, and resistance to damage during storage and processing. 

UV fluorescence imaging has several advantages for grain quality evaluation. It can provide high-resolution 
images at the micrometric scale, enabling the detection of tissue dissociation, which is important when studying 
the quality and integrity of broken or fragmented grains. Furthermore, UV imaging can be used to track changes 
in the grain's internal structure, such as the formation of cracks, which can occur during various processes like 
drying or milling. For instance, Yoshioka et al. (2013) used UV fluorescence to observe the distribution of 
phenolic compounds in plant tissues, which could be linked to the grain's resistance to damage. 

In practice, UV imaging systems typically use a combination of excitation and emission filters to capture a 
range of fluorescence signals. By employing different excitation wavelengths, the imaging system can obtain 
multispectral images that provide detailed information about the composition and structure of different grain 
tissues. These images can be analysed using advanced chemometric methods, such as PCA, to predict grain 
quality based on the autofluorescence profiles obtained from various tissues (Baldwin et al., 1997). This method 
has been used successfully to identify specific tissues within grain samples, such as the aleurone and pericarp, 
and to assess their quality in terms of nutrient content, structural integrity, and resistance to environmental 
stresses. UV imaging's ability to non-destructively visualize grain structures and biochemical properties makes it 
an invaluable tool in grain quality control, providing insight into both visible and hidden defects that might 
affect grain quality during storage, processing, and final consumption. 

Figure 7. Setup for X-ray imaging system (Feng et al., 2022). 
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5 Artificial intelligence in grain quality evaluation 

Advances in AI algorithms have significantly enhanced the ability to detect subtle differences between 
samples, making them ideal for large-scale production that require both efficiency and accuracy. In the 
food grain industry, maintaining high-quality standards is essential to meet market demands and 
ensure food security. However, traditional evaluation methods such as microbiological and chemical 
tests are expensive, time-consuming, and prone to human error. To overcome these challenges, there is 
a need for fast, precise, and non-destructive tools for grain quality inspection. Optical imaging inte-
grated with AI has emerged as a popular solution for grain quality assessment. It enables rapid and cost- 
effective analysis of large quantities of grains using high-resolution images, which allow for accurate 
measurement of grain characteristics. These non-invasive techniques facilitate high-throughput analy-
sis, making them exceptionally valuable for the agricultural sector (Ageh et al., 2024; Chen et al., 2020). 
A key component of AI empowers systems to learn from data and replicate human decision-making. 
This makes AI a powerful tool for modelling complex processes such as grain quality assessment. AI 
algorithms, including ANN, SVM, KNN, RF, and PCA, are widely applied in analysing optical images of 
grains for classification and regression tasks (Ayobami et al., 2024; Bhupendra et al., 2022; Rabanera 
et al., 2021; Zareef et al., 2021). 

The integration of AI with big data and advanced information processing has transformed grain drying 
processes by effectively addressing dynamic and nonlinear challenges (Dasore et al., 2025). Image proces-
sing techniques, whether partial or comprehensive, are used to convert raw data into meaningful inputs for 
AI models. These models are trained to identify patterns and predict key variables such as moisture 
distribution, temperature uniformity, and overall grain quality (Bhupendra et al., 2022; Rabanera et al., 
2021). Once trained, AI models can deliver accurate, real-time predictions and decisions, enabling efficient 
monitoring and quality assessment throughout the grain drying process (Zareef et al., 2021). For instance, 
Jin et al. (2021) employed backpropagation neural networks (BPNN) to model heat and mass transfer during 
grain drying and integrated the model with an intelligent control system to manage grain discharge rates 
and optimize drying parameters. Similarly, Jin et al. (2022) developed a real-time moisture analyser for 
paddy, combining microstrip sensors with AI algorithms such as SVMs and decision trees. Their RF model 
achieved 99% accuracy in moisture content prediction, with a root mean square error of 0.28. These 
innovations demonstrate how AI enhances grain drying processes and quality analysis, ultimately improv-
ing agricultural efficiency and food product standards. 

6 Comparative analysis of imaging techniques 

Table 2 presents a detailed comparative analysis of these imaging techniques, emphasising their distinct 
strengths, applications, and limitations. The selection of an appropriate imaging method depends on the 
specific grain quality attribute under evaluation whether it is surface defects, internal structure, moisture 
content, or contamination. While each technique offers particular advantages, they also come with 
challenges such as high costs, the need for specialized equipment, and limitations in resolution or analytical 
depth. By systematically examining these factors, the analysis provides a comprehensive understanding of 
the technologies and offers valuable insights into how they can be integrated to achieve more robust, 
precise, and efficient grain quality assessment. 

7 Future perspectives 

The future of optical imaging in grain quality evaluation is highly promising, driven by continuous 
advancements in technology and AI. As precision agriculture and food safety requirements increase, optical 
imaging is expected to play an even more pivotal role in providing fast, accurate, and non-destructive 
analysis of grain quality. Emerging technologies and innovative applications are shaping its evolution, 
enabling more robust and scalable solutions for the agricultural industry. One key area of growth is the 
integration of AI with advanced imaging techniques like HSI. These technologies enhance the ability to 
detect and classify grain attributes such as protein content, moisture levels, structural integrity, and 
contaminants. AI models can analyse large datasets to identify patterns and automate quality assessments, 

16 O. M. AGEH ET AL. 
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reducing labour and improving accuracy. Combining optical imaging with AI is expected to revolutionize 
grain quality evaluation, making it faster, more reliable, and cost-effective. 

The development of portable imaging devices presents another exciting prospect. Equipped with 
cameras and spectral sensors, these devices can perform on-site inspections at farms, grain elevators, or 
storage facilities. Their portability allows for quick and convenient grain quality assessments without 
requiring samples to be transported to laboratories. As these devices become more accessible and 
affordable, they will empower farmers and food processors to make informed decisions in real time. 
Remote sensing and drone technology are also expected to significantly expand optical imaging applica-
tions. Drones equipped with hyperspectral sensors can capture high-resolution images and spectral data of 
crops directly in the field (Seo et al., 2023). This technology can analyse grain quality metrics such as protein 
and moisture content, offering valuable insights into crop health, yield potential, and grain quality even 
before harvest. These advancements can save time and labour while ensuring better monitoring and 
management of grain production at scale. 

Despite its potential, optical imaging faces challenges, including sensitivity to environmental factors like 
light and temperature, high costs of advanced systems, and the need for large, labelled datasets to train AI 
models. Researchers are addressing these limitations through innovations such as synthetic data genera-
tion, improved system designs, and cost reductions in imaging technologies. To ensure that small-scale 
farmers benefit from these advancements, future research and industry efforts should focus on making 
imaging devices more affordable, user-friendly, and robust under diverse field conditions. Simplified 
interfaces, mobile-based applications, and training programs can help farmers adopt these technologies 
without requiring specialized technical expertise. Additionally, integrating optical imaging into existing 
grain evaluation systems such as local cooperatives, grain elevators, or extension services can facilitate 
shared access and support collective quality assessment. Partnerships between technology providers, 
agricultural organisations, and policymakers will be crucial for scaling deployment and ensuring equitable 
access. 

Going forward, integrating optical imaging with emerging technologies will open new frontiers. For 
example, combining imaging systems with IoT-enabled devices could provide real-time data monitoring 
across the entire supply chain, while advances in computational imaging may further enhance resolution 
and processing speeds. These innovations will make grain quality evaluation more precise, scalable, and 
adaptable to diverse conditions. As technology continues to advance, optical imaging will become an 
indispensable tool in grain quality evaluation. Its ability to provide high-throughput, accurate, and action-
able insights will support sustainable agricultural practices, improve food safety, and help meet the 
growing global demand for high-quality grain products. 

8 Conclusion 

Optical imaging techniques have revolutionized food grain quality evaluation by providing rapid, non- 
destructive, and highly detailed analysis of both physical and chemical grain attributes. This review 
demonstrates that technologies such as HSI, MSI, FI, TI, X-rays and UV imaging each offer unique 
advantages for assessing grain composition, detecting defects, and monitoring contamination. The inte-
gration of artificial intelligence with these imaging modalities further enhances accuracy, efficiency, and 
scalability, enabling high-throughput and automated grain quality assessment. 

Despite these advancements, several research gaps remain. Current challenges include the high cost and 
complexity of advanced imaging systems, sensitivity to environmental factors, and the need for robust, 
generalized calibration models. There is also a pressing need for large, annotated datasets to train AI 
models, as well as portable, user-friendly devices for real-time field applications. Future research should 
focus on developing cost-effective, scalable imaging solutions, improving model robustness under variable 
conditions, and exploring the potential of IoT and remote sensing technologies for continuous, supply- 
chain-wide monitoring. 

In summary, while optical imaging has made significant strides in grain quality evaluation, addressing 
these challenges will unlock its full potential and support the transition toward more sustainable, efficient, 
and resilient agricultural systems. Continued innovation in this field will not only enhance food safety and 
quality but also contribute to global efforts in achieving food security and sustainable development. 
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