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A B S T R A C T   

One of the most common concerns in the cereal industry is the presence of fungi and their associated mycotoxins. 
Hyperspectral Imaging (HSI) has been proposed recently as one of the most potent tools to manage fungal 
associated contamination. The introduction of a spatial dimension to the spectral analysis allows the selection of 
the specific regions of the sample for further screening. Single kernel analysis would enable the discrimination of 
the highly contaminated kernels to establish a mitigation strategy, overcoming the contamination heterogeneity 
of cereal batches. This document is a detailed review of the HSI recently published studies that aimed to 
discriminate fungi and mycotoxin contaminated single cereal kernels. The most relevant findings showed that 
fungal infection and mycotoxins levels discrimination accuracies were above 90% and 80%, respectively. The 
results indicate that NIR-HSI is suitable for the detection of fungal-related contamination in single kernels and it 
has potential to be applied at food industry stages.   

1. Introduction 

Cereal quality and safety are common concerns for farmers and the 
food industry. Thus, different approaches have been proposed to assess 
quality parameters and contaminants. One of the most engaging stra-
tegies regarding this aim would be to identify and remove non-desired or 
highly-contaminated cereal kernels from batches before industry 
entrance, working as a sorting-based technique. Hyperspectral imaging 
(HSI) has been considered suitable for contaminated single kernels 
identification and discrimination during cereal processing steps. Be-
sides, HSI calibration can focus on different physical appearances and 
chemical substances identification. Thus, HSI can simultaneously 
perform multiple rapid and non-destructive analyses once validated 
(Boldrini, Kessler, Rebnera, & Kessler, 2012; Manley, 2014). HSI pre-
sents several advantages beyond other conventional methods of chem-
ical analysis. Imaging-based systems are fast in analysing samples 
compared to chromatographic and immunologic methods. Hyper-
spectral imaging devices commonly acquire a full image at a timescale of 
10 s to 1 min, although it depends on the size of the scanning area and 
the spectral resolution (Jarvis et al., 2017). Although chromatographic 
high sensitivity and specificity, HSI is cost-effective and non-destructive 
for routine analysis in cereal-based industries. In addition, the interest in 

green analysis methods is increasing to develop new approaches in 
chemical analysis. HSI uses light sources to detect sample features, 
substituting pollutant reagents with eco-friendly sources (Caporaso, 
Whitworth, & Fisk, 2018). 

Cereal sorting after reception would be interesting to remove only 
the kernels that do not accomplish the established quality and safety 
parameters. Laboratory scale HSI systems have been proposed as a 
suitable technique to detect individual grains quality and safety pa-
rameters (e.g. protein, starch, moisture, hardness, fungal contamination, 
mycotoxins, defects, etc.) (Fox & Manley, 2014). Several studies used 
robust statistical models to manage these parameters and to accomplish 
the established quality and safety standards. Fungi can be present in 
some kernels of a batch while the rest remain uncontaminated, caused 
by the heterogeneous contamination of ears or spikes in the field (Lu, 
Saeys, Kim, Peng, & Lu, 2020). For that reason, a minority of the kernels 
present high contaminations, which can be responsible for a whole batch 
rejection in the industry based on sampling and analysis steps (Shahin & 
Symons, 2012). 

2. Principles of the hyperspectral imaging 

HSI is an emerging technology that works with the combination of 
the spectral and spatial information of the samples. The image captured 
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contains spectral information at a specific wavelength range for each 
pixel. Thus, it bases on three axes: two spatial axes (X, Y) and a third 
spectral axis (λ), which results in tridimensional information called a 
hypercube. The desired regions of the samples are selected from the data 
cube. Then, the spectra corresponding to those regions are extracted and 
used for further chemometric calibrations (Jiang, Zhu, & Tao, 2010). 
Fig. 1 shows a representation of the hyperspectral imaging basis. The 
spectral regions obtained depend on the device used (visible, near- 
infrared, mid-infrared, etc.). However, the most commonly used are 
the Visible (400–700 nm) and Near Infrared (700–2500 nm). The Vis 
region is more frequent in physical features detection, such as defects, 
colour changes, and damages, while the NIR and SWIR regions are more 
common for chemical compounds and water content. However, both Vis 
and NIR regions have combined to enhance the information acquisition 
of the samples (Walsh, Blasco, Zude-Sasse, & Sun, 2020). The techno-
logical readiness of Vis/NIR cameras compared to other spectral regions 
like the mid-IR allows for fast image acquisition proving the potential of 
the technology for online implementation in industrial stages. Despite 
NIR commonly acquire faster measurements than MIR, the time- 

dependence of the imaging methods is subjected to the measurement 
mode (e.g. snapshot is faster than push-broom mode), the number of 
scans and the spectral resolution. Thus, online HSI analysis requires 
balanced settings between analysis speed and the acquisition of suffi-
cient spectral information to detect the target compound. 

2.1. HSI equipment 

HSI components include an optical system, spectrometer, illumina-
tion unit, computer, and moving unit. The optical system registers the 
spectral and spatial information of the sample by three components 
(Bellon-Maurel & Gorretta, 2014). The first component is the HSI cam-
era is usually a charge-coupled device (CCD) camera that includes 
semiconductor electronic properties (Kim & Chen, 1998). The second 
optical component is the spectrometer, whose function is the dispersion 
of the light in different wavelengths to obtain the spectrum of each pixel 
in the image. Finally, the objective lens function focuses the light from 
the illuminated object through the spectrometer and the HSI camera 
detector. The illumination unit should produce homogeneous light to 

Nomenclature 

HSI Hyperspectral imaging 
ROI Region of Interest 
Vis Visible 
NIR Near Infrared 
SK-HSI Single Kernel Hyperspectral Imaging 
CCD Charge-Coupled Device 
PCA Principal Component Analysis 
LC-MS Liquid Chromatography – Mass spectrometry 
HPLC High Performance Liquid Chromatography 
GC–MS Gas chromatography – Mass spectrometry 
ELISA Enzyme-Linked Immunosorbent Assay 

ELM Extreme Learning Machine 
JSRC Join Sparse Representation-based Classification 
ANN Artificial Neural Networks 
K-NN K-Nearest Neighbors 
FDK Fusarium damaged kernels 
FI Fusarium index 
FHB Fusarium Head Blight 
RF Random Frog 
DON Deoxynivalenol 
CM Confusion Matrix 
OTA Ochratoxin A 
ISSPA Iterative Selection of Successive Projections Algorithm 
PW Pixel Wise  

Fig. 1. Basis of the hypercube in hyperspectral imaging. Relationship between the spatial resolution (x, y) and the spectral resolution (λ).  
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avoid any alterations in sample radiation. Thus, the illumination unit 
lights the scanned object while the camera moves above it, or the object 
moves under the camera field of vision under controlled conditions. A 
typical laboratory-scale moving system consists of two parts, the trans-
lation stage, which is the support of the sample, and the motor, which 
controls the speed of the movement for correct image acquisition. Both 
imaging and moving systems are attached to a computer equipped with 
control software (Mahesh, Jayas, Paliwal, & White, 2015). In addition, 
some field screening studies use aerial imaging, where the camera is 
moving on the target surface, and the area of study remains fixed. It is 
applied to detect population changes, geological transformations and 
archaeological sites. Moreover, the HSI software set all the scanning 
parameters, like the scanning speed, the framerate, and the integration 
time are selected (Yao & Lewis, 2010). Fig. 2 represents a conventional 
hyperspectral imaging system. 

3. Common single kernel analysis process 

The single kernel hyperspectral imaging (SK-HSI) permits the spatial 
selection within the sample. Thus, the Region of Interest (ROI) goes far 
beyond the whole measured object and can consist of a single kernel 
screening or single sections within the kernel, like bran, germ, midsec-
tion, endosperm, pericarp, etc. The captured image contains the spectral 
information of the n × n pixels from the kernel/part, removing the 
background manually or automatically. Some authors focused on SK-HSI 
analysis (Fox & Manley, 2014). The main advantage of this analysis is to 
overcome the heterogeneity of cereal samples. Thus, the methodology 
used for HSI calibrations also requires the characterization of the single 
kernel features to distinguish their characteristics within a batch. Fig. 3 
represents a typical SK-HSI analysis flowchart. 

3.1. HSI scanning modes for single kernel analysis 

The HSI devices present different image scanning modes. The most 
commonly used are the push-broom, whisk-broom, staring imaging, and 
snapshot. The push-broom measurement (line-scanning) mode consists 
of the spectral data acquisition by pixel lines. The measured object 
moves in the y-axis direction, while the imager is recording the spectrum 

of the pixels in the x-axis direction. This mode presents good spatial and 
spectral resolutions. For that reason, it is the most widely used in HSI 
calibrations for online and inline scanning because the objects are 
moving under the field of view, making possible real-time analysis and 
sorting operations (e.g. depositing the cereals on a conveyor moving 
under an HSI system) (Qin et al., 2017). The whiskbroom method (point- 
scanning) involves the successive acquisition of the spectral information 
of single pixels by moving the sample or the sensor. As the camera and 
the detector are moving while scanning, the device requires imaging 
pathways to record the 2D field of vision from the sample. The staring 
imaging (band-scanning) ensures a full 2D-area recognition, obtaining 
only the spectral information of a single band. Instead of dispersing the 
light in multiple wavelengths in front of the detector, it commonly uses a 
bandpass filter after the light has passed through the objective lens. 
Thus, a narrowband segment is produced and perceived by the sensor. 
Finally, snapshot imaging (single-shot) limits exposure time by a single 
shot to scan both spectral and spatial information (Qin, 2010). Thus, the 
sample is not moving under the scanning region, as a complete image is 
acquired instantaneously, while the CCD camera records the entire 
image spectral information. The main advantage of snapshot mode is the 
minimum scanning time that it does not require post-processing for the 
3-D hypercube formation. Nevertheless, it presents a limited spectral 
and spatial resolution as the number of voxels scanned cannot exceed 
the maximum accepted by the CCD camera. Consequently, it only re-
cords the sample fixed region (ElMasry & Sun, 2010). 

3.2. ROI extraction 

In SK-HSI analysis, the pixel intensities from the kernel are consid-
ered the ROI. The ROI is a defined image area selected for further pro-
cessing and analysis. Single or multiple image regions can be used for 
subsequent analysis. HSI images do not contain only a high amount of 
chemical data but also textural, morphological, and intensity charac-
teristics (Sahu, 2014). In addition, as the contamination is heteroge-
neous within a single kernel, HSI can overcome the differences within 
grain by extracting a single or region of pixels selection (bran, endo-
sperm, germ, pericarp, or other desired parts). The characterization of 
smaller areas in the grain can decrease light non-uniformities and 

Fig. 2. HSI acquisition system.  
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shadowing, as, because of the kernel shape, light interacts differently 
along with their parts. For images with higher contrast between the 
sample and the background, it is easier to remove background from the 
ROI, and, thus, the thresholding procedure also becomes more accurate. 
There exist different ways to extract the ROI from a single kernel or 
specific parts of the grain. The most frequently used are spectral mask 
image segmentation, manual selection and exploratory principal 
component analysis (PCA). The spectral mask application was used in 
some studies by the segmentation of the background using a single 
spectral band image, which consists in the background removal using 
the band with higher contrast between the ROI and the redundant parts 
of the image (Barbedo, Guarienti, & Tibola, 2018; Barbedo, Tibola, & 
Fernandes, 2015; Lu et al., 2018). Manual selection is the less complex 
approach for ROI selection. The desired part of the image can be 
extracted by the manual delimitation ROI or by the selection of groups of 
pixels with similar intensities to the target pixels (Femenias, Bainotti, 
Gatius, Ramos, & Marín, 2020; Zhang, Li, Takeda, & Yang, 2017). 
Euclidean distance or spectral angle selection is also frequent. Despite 
the simplicity of these ROI delimitation methods, they are less auto-
mated, requiring user selection and longer procedure times. Chemo-
metric tools have been applied to remove the irrelevant pixels from the 
image. PCA has been used to select the ROI from the non-processed 
images by dividing pixels intensities into two groups according to the 
projection in a score plot. Pixels that correspond to the background were 
brushed, obtaining a new image that contains only the pixels from the 
ROI (Williams, Geladi, Britz, & Manley, 2012; Williams, Manley, Fox, & 
Geladi, 2010). 

3.3. Measurement modes 

The most commonly used and well-known measurement modes are 
diffuse reflectance, transmittance, interactance, and transflectance. The 
interaction between the light beam and the sample can be recorded in 
different ways. Some measurement modes are more suitable for specific 
samples depending on the nature of its matrix, as the light has different 
behaviours depending on the chemical and physical properties (Pas-
quini, 2003). The differences produced in light reflection due to its 
interaction with the cereal sample have to be correctly recorded and 
interpreted to correlate them with changes in chemical composition or 
physical features of the sample. 

In diffuse reflectance mode, the emitted beam from the light source 
reflects on the sample surface and partially penetrates in the sample with 
multiple different angles. Thus, the light diffusion and penetration in the 
sample change depending on the chemical and physical properties, 
detecting their structural and compositional parameters. When the 
sample works as a mirror, specular reflectance occurs. The light beam 
reflects at the same incident angle, overlapping the physical and 
chemical information. Consequently, the brightness differences are not 
detected (Lu, Huang, & Lu, 2017). In transmittance mode, the light ray 
passes through the sample to the opposite side from the light source, 
where the detector records the intensity. This sensing mode is ideal for 
liquid and homogenized samples, and it offers reduced information for 
solid opaque samples. Therefore, it is not an appropriate measurement 
mode for cereal evaluation. Apart from the reflectance and trans-
mittance modes, the interactance is available, for which the illumination 
beam penetrates deeply into the sample, as the detector is situated far 
from the light ray. The main mode advantage is that it does not obtain 

only the sample surface information but also the inner part character-
istics. However, it is problematic for high translation scanning speeds 
because it needs longer capture times (Schaare & Fraser, 2000). Finally, 
the transflectance mode consists of a duplicated light passing through 
the sample by light intensification with a mirror located at the opposite 
side of the illumination unit. This mode is frequent in pasta studies. 

3.3.1. Calibration of the measurement modes 
The HSI devices present by default the reflectance, transmittance, 

interactance or transflectance measurements in absolute values. Thus, 
before the HSI scanning, the calibration of the equipment is required to 
register relative values concerning the maximum and minimum signals. 
The calibration principle is common for the different measurement 
modes (reflectance, transmittance, etc.). In all the cases, the relative 
values are obtained by correcting the dark and white reference from the 
image. In the reflectance mode, the image is corrected by considering 
the white reference as the image of a fluoropolymer of the maximum 
known reflectance (99 %) and the dark reference as the image taken 
with the lens covered and the lights turned off (0%). The calibration of 
transmittance HSI devices differs slightly from the abovementioned 
procedure, obtaining the 100 % transmittance image using a glass table 
(Kandpal et al., 2020). Equation (1) presents the mathematical expres-
sion of the dark and white reference images correction. 

XC =
IR

x,y(λ) − Ib
x,y(λ)

Iw
x,y(λ) − Ib

x,y(λ)
(1) 

where XC is the corrected image; IR
x,y(λ) is the raw hyperspectral 

image obtained; Iw
x,y(λ) is the white reference; and Ib

x,y(λ) is the dark 
current reference. 

3.4. Reference method of analysis 

HSI, as other spectroscopic technologies, requires a calibration for 
the analytical purpose. The calibration of supervised models, such as 
prediction or classification, are supported by a reference method, which 
introduces de independent variables to the algorithm. The model per-
formances directly depend on the sensibility of the reference method, 
thus a reference method with low deviations and high sensitivity is 
desired to support the model. The reference method for quantitative 
prediction of chemicals is usually the concentrations of the training 
sample set, while for classification the samples are categorized into 
qualitative features used to supervise the classification models. 

For quantitative prediction of fungal contamination, molecular- 
based techniques, such as PCR, have been used in cereal kernels. PCR 
as reference method allows for fungal identification and quantification 
Polder, van der Heijden, Waalwijk, & Young (2005) used PCR as refer-
ence method to identify Fusarium culmorum with concentrations above 
6000 pg on maize kernels by NIR-HSI. Instead of obtaining DNA from 
cereals, Da Conceição et al. (2021) extracted DNA from fungal isolates 
for molecular analysis to identify F. graminearum and F. verticillioides 
with an accuracy of 100%. On the other hand, Alisaac et al. (2019) 
analysed wheat flour by quantitative PCR and correlated the values with 
Vis/NIR-HSI. 

Alternatively, the artificial inoculation ensures the fungal presence 
in the grains at controlled conditions (strains, amount, growth stage, 
etc). Unlike naturally contaminated samples (the contamination has to 

Fig. 3. Flowchart of the most common SK-HSI analysis process of cereals for fungal and mycotoxin contamination.  
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be spontaneous in the field), fungal inoculation ensures mycotoxins 
presence in samples with controlled fungal amounts (Karuppiah, Sen-
thilkumar, Jayas, & White, 2016; Tekle, Mage, Segtnan, & Bjornstad, 
2015). Model calibrations should adjust to the contaminations 
commonly found in the field and postharvest stages. Consequently, the 
use of artificially inoculated sample sets with extremely-high fungal 
amounts usually presents high mycotoxins contaminations, not found 
commonly in the field. Such studies using high values of mycotoxins are 
valuable for laboratory-scale purposes, although their contamination 
levels are higher than the found in previous stages to cereal industry 
entrance. 

The most frequently used method is visual inspection. It consists of 
the kernels feature observation and characterization by a trained expert. 
Features visual determination is fast, non-destructive and non-pollutant. 
Nevertheless, it presents some disadvantages, as the subjectivity of the 
employee, low sensitivity, and it only allows qualitative determinations. 
Numerous studies used visual inspection as the reference method for SK- 
HSI calibration (Delwiche & Kim, 2000; Delwiche, Kim, & Dong, 2010, 
2011; Delwiche, Rodriguez, Rausch, & Graybosch, 2019; Ropelewska & 
Zapotoczny, 2018; Shahin & Symons, 2012). 

Finally, quantifying some predominant chemical compounds in 
fungal cell structure can determine the levels of fungal infection. 
Ergosterol is a chemical compound found in the fungal cell wall, and it is 
absent or minority in plant structures. Thus, it is a target substance for 
fungal contamination assessment. As ergosterol is a specific compound 
found in all fungi, it does not offer information on any genus. Thus, the 
calibration of this compound would give a general fungal contamination 
evaluation in cereal products (Femenias, Gatius, Ramos, Sanchis, & 
Marín, 2021). 

The most frequent reference methods used to calibrate HSI for 
mycotoxin detection are LC-MS, HPLC-DAD, GC–MS, and ELISA. These 
methods present high sensitivity and specificity, providing low de-
viations to the calibration models. In addition, there exist official 
methods of analysis of mycotoxins in cereals, which ensure the correct 
quantification of these compounds. However, those methods used in wet 
chemistry analysis present a limited sample representation, as from a 
batch of several tones, only several grams are analysed in the laboratory 
according to the official control of analysis of mycotoxins in foodstuffs 
(European Commission, 2006b), being an issue in heterogeneous 
batches analysis. In addition, the use of green analytical approaches is 
increasing to avoid environmental pollution caused by the mentioned 
routine reference methods used. Nevertheless, some authors used 
different methodologies from the official ones to determine the myco-
toxin levels in single kernels (Femenias, Bainotti, et al., 2021; Liang 
et al., 2020; Tekle et al., 2015). 

3.5. Modelling techniques 

Hyperspectral data are composed of a massive amount of data that 
require the extraction of conclusions about the analysed material. Pre-
processing techniques allow data reduction for easier handling. How-
ever, after this step, a large variables number remains, requiring 
chemometric tools to build classification approaches. Several modelling 
methods exist for grouping, pattern recognition, feature discrimination, 
etc. The most well-known are principal component analysis (PCA)-based 
techniques; discriminant analysis, such as linear, quadratic and Maha-
lanobis, or partial least squares discriminant analysis (PLS-DA); and 
support vector machines (SVM). Nevertheless, there are numerous 
credible alternatives to the abovementioned methods for kernels 
grouping according to one or more features, reviewed in the following 
sections. 

PCA can reduce high-dimension data to fewer components in a new 
subspace of vectors, containing the most valuable part of the informa-
tion. The main action of PCA is to project data to select the relevant data 
and discard the non-useful information. This tool assumes that the 
relevant information corresponds to the variables with higher variance. 

PCA has projection ability and exploratory data analysis, even it cannot 
be used as a classifier. Thus, PCA extensions are applied, such as factor 
analysis (FA), discriminant analysis (DA), cluster analysis (CA), etc. The 
studies demonstrated that PCA transformation into a dimensionally- 
reduced subset of vectors in combination with extension classifiers im-
proves the precision of the models (Novakovic & Rankov, 2011). 

One of the most widely used methods for classification purposes in 
HSI studies is the DA, which is based on features recognition to separate 
the observations into different groups. Several DA approaches are 
available, such as linear, quadratic and Mahalanobis. Linear discrimi-
nant analysis (LDA) assumes shared covariance between the two or more 
classification groups. LDA can divide into classes by linear combination, 
which maximizes the ratio between the variances of the observations 
and the corresponding group. Nevertheless, LDA collinearity presents 
problems to predict the dependent variable values independently. 
Quadratic discriminant analysis (QDA) is an alternative to LDA, for 
which the covariance is individual for each group of observations. Thus, 
in QDA, it should be known in advance if the classes have different 
covariances, as it uses a covariance matrix for each group. In addition, 
this technique does not permit a data dimensionality reduction. Some 
studies used Mahalanobis based LDA, considering the differences in the 
dispersion and the orientation. It follows a different procedure from the 
conventional LDA, for which first the Mahalanobis distance from the 
populations is calculated to classify the closer element and then the 
groups are compared two by two (Ito, Srinivasan, & Izumi, 2006). 

To avoid the previously-mentioned problems of the DA, the partial 
least squares discriminant analysis (PLS-DA) is an algorithm combina-
tion of DA and dimensionality reduction for the application in high data 
volumes. This technique has been applied in different fields of science 
because it is not as strict as LDA in data fitting (LDA cannot adjust data 
with distribution). Consequently, PLS-DA has been applied to numerous 
studies with classification and grouping purposes (Lee, Liong, & Jemain, 
2018). Lastly, another classification approach extensively used in clas-
sification is Support Vector Machines (SVM). The basic principle of SVM 
is the construction of a hyperplane that can correctly divide a broader 
percentage of observations into classes. The hyperplane consists of a 
vector between two points of the two groups. Thus, the SVM presents 
advantages in kernel classification as the maximum robustness of the 
high-dimension of HSI data and low sensitivity to the number of ob-
servations (Jiang et al., 2010). 

Numerous alternatives to the abovementioned statistical classifiers 
are available with the aim of kernel classification by HSI, such as sparse 
autoencoder (SAE), self-organizing map (SOM), extreme learning ma-
chine (ELM), joint sparse representation-based classification (JSRC), 
artificial neural networks (ANN), k-nearest neighbours (KNN), SAM 
classifier, confusion matrix, binary encoding, random forest, maximum 
likelihood, etc. 

4. Applications of HSI on single kernel classification according 
to fungi and mycotoxins 

Fungi and their associated mycotoxins produce a negative economic 
impact on cereal production. Batch rejections before industry entrance 
are the main causes of yield reduction of cereal producers. Thus, new 
post-harvest strategies to reduce fungal and mycotoxin contamination 
are required. HSI classification has been proposed to differentiate be-
tween infected and healthy kernels. This technique would allow the 
identification and removal of highly-contaminated grains from cereal 
batches to reduce the overall contamination. Recently published studies 
to classify grains according to these contaminants are exposed and dis-
cussed in the following sections. 

4.1. Optical changes produced by fungal growth 

Fungal metabolism produces physical and chemical changes in ce-
reals. Physical changes in single kernels are detected, such as structural 
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changes (kernel size, kernel shape and shrivelling) and colour changes 
(discolouration and pinkish). On the other hand, noticeable chemical 
changes produced by fungi are inherent to their growth, as changes in 
protein, starch, lipid and water composition. Inherent spectral changes 
are produced due to the differences in matrix composition. Thus, the 
optical changes are useful to monitor fungal growth and associate my-
cotoxins production in cereal products. In addition, long-wavelength 
regions are more appropriate to measure the low concentration matrix 
components, as they require shorter optical path length and penetration 
depth. 

Structural changes and chemical decompositions affect different 
spectral regions on the NIR window. Kernel size differences produce 
baseline offset, as the thicker kernels will have a deeper penetration of 
the light, and the absorbance will be higher (Chu, Wang, Ni, Li, & Li, 
2020). Otherwise, the cereal kernels brightness, caused by kernel in-
fections, changes in the late visible spectral region (628–706 nm) (Su 
et al., 2021). Dowell, Ram, & Seitz (1999) correlated the differences 
caused by fungal infection in protein and starch content with 1400 nm 
region for its use as indirect detection of DON in cereals. Nevertheless, 
Peiris, Pumphrey, & Dowell (2009) studied NIR absorption for fungal 
damage and DON. In the first instance, they identified the NIR changes 
produced by shrink and brightness in FDK, two well-known differences 
produced by a fungal infection. Spectral differences were in the 
1425–1450 nm region, where FDK kernels showed a shifted peak at 
1445 nm, while sound kernels were in 1430 nm. Liang et al. (2020) 
attributed the changes produced around 1190–1212 nm (2nd overtone 
of C–H stretching vibration) to variations of some principal storage 
compounds, such as starch and fat content. In addition, the region be-
tween 1733 and 1778 nm (1st overtone C–H) is related to amylose, a 
majority component of the starch. The authors also attributed higher 
radiations (1935–1952 nm) to the combinations of stretching and 
bending of water molecules. Finally, protein changes in NIR spectra 
were in the 1446–1502 nm, corresponding to the 1st overtone of N–H. 
Otherwise, N–H stretching related to CONH2 in maize proteins was 
related to absorbance deviations in the 1520 nm region by Chu et al. 
(2020). In addition, they detected variations in functional groups of oils 
and fatty acids due to fungal infection in the 1666–1818 region. 
Phenolic content produced by vegetal products also experienced a dif-
ference between damaged and healthy kernels, presenting intensities 
alterations in 1415–1512 nm. 

NIR spectral differences detection produced by DON is complex for 
its low concentrations. However, Peiris et al. (2009) identified the 
spectral characteristics for pure DON solution in acetonitrile and FDK. 
The authors recognized two NIR regions (1390–1440 nm and 
1880–1950 nm) that differ with DON concentration, analyzing pure 
DON. Two characteristic peaks near these regions related to DON 1st 
overtone in 1414 nm for O–H bonds and 1906 nm for -C = O and R–OH. 
Fusarium damage correlated with DON at the NIR region, detecting most 
alterations at 1204, 1365 and 1700 nm bands, related with 1st overtone 
alterations in C–H groups in reserve compounds of grains (carbohydrate, 
lipids and proteins). 

Almost all the studies reviewed attempted the optimal latent variable 
(LV) selection. The number of wavelengths selected is variable, and it 
goes from 1 to 20 LV, using different selection strategies. Even though 
the LV selection does not improve model performance in all the studies, 
it offers a reduction in data dimension is interesting from the point of 
view of computational time in online sorting strategies, which remove 
the contaminated kernels in situ. The characterization of the selected 
wavelengths is also fundamental for the changes produced by fungi on 
cereals in correlation with the spectral profile obtained. Optimal selec-
tion is crucial in the technique application for sorting purposes. Conse-
quently, Although the present results demonstrated accurate 
wavelength selections, work advances on this item is required in future 
studies. 

4.2. SK-HSI classification according to fungal contamination 

Fungal contamination is responsible for the quality and production 
of cereal crops reduction. Fungal growth produces several changes on 
cereal kernels structure that can be visualized as weight loss, shrivelling, 
discolouration, etc. Several authors propose the visible (400–700 nm) 
and the near-infrared (780–2500 nm) regions of the electromagnetic 
spectrum for fungal detection in single cereal kernels. Therefore, clas-
sification models are proposed for cereal sorting according to fungal 
species or the symptomatology caused on the grain. The classification 
accuracies estimate the model performance, which gives the correctly 
classified percentage of the kernels. 

In this section, the studies focused on single kernels as the ROI for 
fungal infection assessment are reviewed and compiled in Table 1. In 
recent years, several studies on single wheat kernels have been pub-
lished. The two most studied fungal genera in kernel sorting publications 
are Aspergillus and Fusarium for their associated impact on grain quality 
and associated negative health effects. Zhang, Paliwal, Jayas, & White, 
(2007) and Singh, Jayas, Paliwal, & White (2012) discriminated be-
tween non-contaminated kernels and fungal-infected kernels by Peni-
cillium spp., Aspergillus niger, and A. glaucus in the NIR region. Before HSI 
analysis, the kernels were artificially contaminated with fungal spores 
and incubated to let them grow. The artificial inoculation ensures fungal 
growth but, depending on the inoculation, it can present different 
contamination levels than the natural inoculation, which presents levels 
commonly found in the field. Artificial fungal inoculation offers some 
advantages, such as controlled growing conditions and selected strains. 
However, the changes produced on cereals differ from the naturally 
infected, which experience contamination with more than one fungal 
strain and at variable contamination levels. Consequently, we consider 
artificial inoculation a suitable approach for laboratory-controlled pre-
liminary studies, despite further investigations on independent and 
naturally-infected kernels should be performed. Although they used 
different chemometric tools to calibrate the models, both studies ob-
tained positive results above 87% of correctly classified kernels. Other 
studies classified wheat kernels as healthy or infected with Fusarium 
species, such as Fusarium graminearum, F. culmorum, and F. poae in the 
visible and NIR region. Ropelewska & Zapotoczny (2018) used visual 
inspection as the reference method, unlike Alisaac et al. (2019), which 
used qPCR in their study. Ropelewska & Zapotoczny (2018) used Bayes, 
LDA, K-Star, Rules PART and Decision Tree classifiers, obtaining accu-
racies between 78 and 100%. On the other hand, Alisaac et al. (2019) 
represented their results as differences in the spectral signature of the 
scanned kernels instead of evaluating the percentage of correct classi-
fication. This study used the differences in several spectral regions to 
correlate them with fungal presence and DON. Despite the obtained 
good correlations, spectral characterization in the NIR region is complex 
due to the peak overlapping, especially in high-frequency regions (low 
wavelengths). The spectral resolution is increased in far NIR regions of 
Mid Infrared (MIR), in which spectral peaks regarding chemical sub-
stances on cereal composition can be suitably identified (Kos et al., 
2016). Thus, the study discussed that chemometric tools could model 
the spectral data to extract deeper information and avoid overlapped 
information. However, the spectral signature correlation with contam-
ination features indicated good-quality raw data. The alternative to 
artificial fungal inoculation is the visual changes produced during nat-
ural fungal growth assessment. Visual inspection is frequent in studies to 
determine the damage caused by Fusarium infection, which categorizes 
the kernels as Fusarium damaged kernels (FDK) according to their weight 
loss, shrivelling and discolouration. Despite the simplicity of this 
method, it is less reliable than chemical or biological techniques due to 
the subjectivity of the inspector. Several authors used LDA as a classi-
fication tool for FDK (Delwiche et al., 2019; Femenias, Bainotti, et al., 
2021; Shahin & Symons, 2011). They presented highly accurate results 
between 92 and 100% of correctly classified kernels. Despite the high 
accuracies obtained, the visual inspection categorized kernel damage. 
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Thus, low fungal contaminations, which are not visually detectable, are 
not included in this category, expecting some deviations. Several 
methods of fungal identification can replace visual inspection weakness, 
e.g. automatized kernel categorization, fungal isolation, fungal DNA 

quantification, among others. Chemometric alternatives to LDA were 
also used, as PLS-DA, applied in the study of Serranti, Cesare, & Bonifazi 
(2012) and Delwiche et al. (2019) for wheat kernels sorting according to 
the damage caused by a fungal infection. The first study obtained 

Table 1 
Single-kernel hyperspectral imaging studies for the classification of fungal infection in cereals.  

Cereal Fungi Spectral 
range 
N◦ of LV used 

Preprocessing 
technique 

Reference method Training/test set 
Total kernels 

Classification model and 
accuracy (%) 

References 

Wheat Aspergillus niger, 
A. glaucus 
Penicillium spp. 
(Inoculated) 

900-1700 nm 
20 LV 

Normalization 
PCA 
transformation 

Artificial inoculation 400/140 kernels for 
each mould specie 
2160 total kernels 

SVM (>87.2%) (Zhang et al., 2007) 

FDK 
(Natural 
contamination) 

400–1000 nm 
6 LV 

Normalization 
Extremes removal 

Visual inspection 400/400 (200 healthy 
and 200 FDK) 
800 total kernels 

LDA (92%) (Shahin & Symons, 
2011) 

FDK 
(Natural 
contamination) 

1000–1700 
nm 
4 LV 

GLS Weighting Visual inspection 40/30 
70 total kernels 
(Cross-validated) 

PLS-DA (94.4–99.2%) (Serranti et al., 2012) 

Penicillium spp. 
Aspergillus glaucus 
A. niger 
(Inoculated) 

700–1100 nm 
13 LV 

– Artificial inoculation 240/60 
300 total kernels 
(Independent) 

LDA, QDA, Mahalanobis 
(94–98.3%) 

(Singh et al., 2012) 

FDK 
(Inoculated) 

528-1785 nm 
1 LV 

Normalization Visual inspection 50–100/700–750 
803 total kernels 

Fusarium index (91%) (Barbedo et al., 2015) 

Fusarium 
graminearum 
(Natural 
contamination) 

600–1100 nm 
3 LV 

– Visual inspection 120 total kernels 
(Cross-validated) 

LDA, K Star, PART, LMT 
(78–100%) 

(Ropelewska & 
Zapotoczny, 2018) 

FDK 
(Natural 
contamination) 

938–1654 nm 
2–7 LV 

Mean centering 
SNV 

Visual inspection 556/20820 
21,376 total kernels  

LDA, PLS-DA (>92%) (Delwiche et al., 
2019) 

Fusarium 
culmorum 
F. poae 
(Inoculated) 

400–2500 nm 
(Whole 
range) 

– qPCR No calibrations 
performed 

Spectral signature ( − ) (Alisaac et al., 2019) 

FDK 
(Natural 
contamination) 

900–1700 nm 
(Whole 
range) 

1st Derivative 
SNV 

Visual inspection 50 total kernels 
(Cross-validated) 

LDA 
(100 %) 

(Femenias, Bainotti, 
et al., 2021) 

Maize  Aspergillus flavus 
A. parasiticus 
A. niger 
(Inoculated) 

400–1000 nm 
3 WL 

– Artificial inoculation No validation 
performed 

PCA-DA ( − ) (Del Fiore et al., 
2010) 

Aspergillus flavus 
(Inoculated) 

400-700 nm 
2 LV 

– Artificial inoculation 243/249 
247/245 
492 total kernels 

Maximum likelihood: 
>80% 
Binary encoding: >87% 

(Yao et al., 2013) 

Aspergillus A. 
flavus 
A. niger 
ochraceus 
(Natural 
contamination) 

900–1700 nm 
8–10 LV 

– Fungal isolation 595/297 
892 total kernels 

PW-PCA-SVM (100%) (Chu et al., 2020) 

Fusarium 
verticillioides 
F. graminearum 
(Inoculated) 

1000-2100 
nm 
4 LV 

SNV 
Mean-centering 

Fungal isolation 2/13 isolates 
15 total isolates 

PCA ( − ) 
PLS-DA (88–100%) 

(da Conceição et al., 
2021) 

Rice Aspergillus oryzae 
(Inoculated) 

400–1000 nm 
10 LV 

– Artificial inoculation 
Electron microscopy 

119/91 kernels 
210 total kernels 

SOM ( − ) (Siripatrawan & 
Makino, 2015) 

Villosiclava virens 
(Inoculated) 

874–1734 nm 
Regions 
selection 

Extremes removal Artificial inoculation 
PCR 

Different sets 
1720 total kernels 

PLS-DA (98.4%) 
SVM (98%) 
ELM (99.2%) 

(Wu et al., 2020) 

Barley Aspergillus glaucus 
Penicillium spp. 
(Inoculated) 

400-2500 nm 
3 LV 

– Artificial inoculation 240/60 
300 total kernels 

Linear, Quadratic and 
Mahalanobis 
discriminant analysis 
(>94%) 

(Senthilkumar et al., 
2016) 

Pulses Aspergillus flavus 
Penicillium 
commune 
(Inoculated) 

900-1700 nm 
3 LV 

Median filter 
Extremes removal 

Artificial inoculation - 
1800 total pulses 

LDA (98–100%) 
QDA (96–100%) 

(Karuppiah et al., 
2016) 

Peanuts Fungal 
contamination 
(Inoculated)  

967–2499 nm 
15 LV 

Five-point 
smoothing filter 
SPA 

AFB1 immune- 
chromatographic test 

66/58 
124 total kernels 

JSRC (96.8–99.2%) 
SVM (90.5–97.6%) 

(Qi, Jiang, Cui, & 
Yuan, 2019) 

ELM = Extreme Learning Machine; JSRC = Joint Sparse Representation based Classification; PW = Pixel-wise; SOM = Self-Organizing Map; SPA = Successive Pro-
jection Algorithm; SVM = Support Vector Machines. 
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accurate classifications with a percentage of correctness above 94%. 
Likewise, Delwiche et al. (2019) obtained an overall accurateness of 
97.3% and an optimal classification model with four latent variables of 
96.8%. Finally, the Fusarium index (FI) classified wheat grains according 
to fungal damage according to the probability of wheat kernels to 
develop Fusarium head blight (FHB) (Barbedo et al., 2015). The FI based 
algorithm obtained a classification accuracy of 91%. Generally, the 
studies aiming at wheat kernels sorting according to fungal infection 
presented good results. However, the research focused on laboratory 
conditions and imprecise reference methods. Consequently, field fungal 
infections and improved reference methods are required to apply the 
classification models to the food industry. 

Although wheat is the most investigated cereal, the fungal infection 
at the single-kernel level has been assessed in others. Maize is the second 
most investigated cereal, mainly for Aspergillus infection assessment. Del 
Fiore et al. (2010) and Yao et al. (2013) used similar spectral regions to 
differentiate previously inoculated Aspergillus species, such as A. flavus, 
A. parasiticus, and A. niger. The first study used PCA to discriminate the 
species in the Vis-NIR region in different infection stages after artificial 
inoculation. Yao et al. (2013) focused uniquely on the visible spectra to 
build two classification models. Alternatively, LDA was performed, 
obtaining weak results (44.2%). As an alternative, the confusion matrix 
improved the previous results with a percentage of accuracy of 74.7%. 
Naturally contaminated kernels with Aspergillus flavus, A. ochraceus, and 
A. niger were analyzed in the NIR region by Chu et al. (2020). In this 
study, a complex algorithm composed of pixel-wise, PCA, and SVM was 
created, obtaining a classification of 100%. Finally, two Fusarium species 
infections (Fusarium verticillioides and F. graminearum) in maize kernels 
were analyzed, scanning by HSI after their artificial inoculation (da 
Conceição et al., 2021). The NIR spectra, preprocessed with SNV and 
mean-centred, were modelled to calibrate a PLS-DA model with a perfect 
discriminant accuracy. Maize analysis by HSI should offer advantages 
compared to cereals with smaller kernel sizes, like wheat and rice. The 
particle size is directly related to the light penetration in diffuse 
reflection or transmittance modes. Maize size permits deeper penetra-
tion of incident radiation and, thus, provides enhanced information for 
the inner part of the kernels. In small kernel analysis, the surface in-
formation influences the overall data. In addition, the comparison be-
tween cereal types is not possible due to different light incidence angles 
and shadowing effects. Some studies applied HSI for rice analysis. Vis- 
NIR HSI analyzed artificially inoculated Aspergillus oryzae, previous to 
electronic microscopic examination. An unsupervised SOM visually 
assessed the different fungal contamination levels (Siripatrawan & 
Makino, 2015). Alternatively, supervised methods based on PLS-DA, 
SVM, and ELM detected artificially contaminated Villosiclava virens in 
rice kernels (Wu et al., 2020). They acquired the NIR spectra before 
analyzing the rice by PCR. Thus, several discrimination models, such as 
PLS-DA, SVM, and EML, were calibrated, using the data obtained from 
both methods. Although all the models achieved accuracies above 
99.4% in the validation set, the best was the Random Frog (RF)-ELM 
with correctness of 99.2%. The study of Senthilkumar, Jayas, White, 
Fields, & Gräfenhan (2016) evaluated barley kernels according to pre-
viously inoculated Aspergillus glaucus and Penicillium spp. in the Vis-NIR 
region. They used different discriminant analyses (linear, quadratic, and 
Mahalanobis) for which a classification accuracy of barley kernels 
was>94%. 

Finally, other studies, including food products other than cereals that 
also evaluate fungal infection in individual kernels, were also reviewed. 
The example of legumes, which have a similar shape as cereal kernels, 
could be handled using similar methodologies for HSI analysis. The 
study of Karuppiah et al. (2016) evaluated the fungal infection in 
different pulses, including chickpeas, green peas, lentils, pinto beans and 
kidney beans. They evaluated previously inoculated legumes for QDA 
and LDA modelling by an NIR-HSI analysis. The results were similar for 
both models, despite LDA achieving slightly better classifications 
(98–100%). Finally, fungal contamination in peanuts was also studied, 

using the algorithms based on JSRC and SVM for individual peanut 
kernels discrimination. The accuracies derived from 96.8 to 99.2% in 
JSRC models and 90.5–97.6% depending on the threshold and the 
peanut variety. The amount of mildew spores on maize kernels was 
predicted using Raman HSI by Long, Huang, Wang, Fan & Tian (2022), 
combining textural and spectral information. The amount of mildew 
spores was divided in 6 levels to calibrate the models. The performance 
of the optimum model for an independent validation set was R2 of 0.80 
and RMSEP of 0.87. Considering the results, the calibration of classifi-
cation models would be more suitable for the discrimination of single 
kernels according to the established spore levels by the reference 
method than the predictive algorithms. 

Taken together, the overall results in SK-HSI reviewed studies are 
positive, achieving classification accuracies above 90% in most cases. 
The results are promising for HSI technologies implementation in the 
food industry aiming at cereal sorting according to fungal infections. 
Despite the high accuracies, before SK-HSI for routine analysis appli-
cation, further studies are required, including higher data sets using 
independent kernels for model validations. In addition, models should 
use natural contaminations to build robust calibrations able to predict 
and discriminate typical fungal contamination found in the field. 
Moreover, further studies with more precise reference methods are 
required to assess the usefulness of method application in industrial 
sorting processes. 

4.3. SK-HSI classification according to mycotoxins contamination 

Fungal infection is frequently associated with mycotoxins produc-
tion, inherent to fungal secondary metabolism. Mycotoxin contamina-
tion of cereals is associated with harmful health effects in humans and 
animals. Consequently, food safety authorities (European Commission, 
2006a) established maximum mycotoxins limits in cereal products. 
According to their potential health risk, the regulated mycotoxins are 
aflatoxin B1, ochratoxin A, patulin, deoxynivalenol, zearalenone, and 
fumonisins. Mycotoxins detection with HSI in cereal products is chal-
lenging because they do not produce visual changes in kernels, its low 
levels (low ppm or ppb) in samples regarding other majority substances 
in the cereals and their heterogeneous distribution in a batch. 
Notwithstanding the detection difficulties, several authors applied the 
HSI potential to discriminate the highly-contaminated kernels in a cereal 
batch (Table 2). DON contamination in wheat and AFB1 in maize are the 
most studied for HSI mycotoxin assessment. 

Several classification procedures are applied to evaluate DON in 
wheat. Discrimination with the same threshold (1.25 mg/kg) was per-
formed by Barbedo et al. (2015) and Femenias et al. (2020), although 
they used different classifiers. Confusion matrix (CM) results from the 
first study obtained an 81% correctness with ELISA as the reference 
method. Therefore, the LDA results from Femenias et al. (2020) reached 
98.9% accuracy. They used 1st derivate preprocessed spectral data 
combined with the reference values obtained by HPLC analysis. Other-
wise, Alisaac et al. (2019) and Liang et al. (2020) used both visible and 
NIR regions (400–2500 nm) for the non-destructive assessment of wheat 
kernels. Alisaac et al. (2019) did not use chemometric tools for DON 
detection. Instead, the significant differences between the spectra ac-
cording to the mycotoxin concentrations were evaluated, obtaining a 
correlation of 0.8. Far from the simplicity of spectral signatures, Liang 
et al. (2020) used a complex computational model based on the com-
bination of MSC, GA and SAE, which separated contaminated kernels 
above and below 1 mg/kg of DON with an accuracy of 100%. Finally, the 
study of Senthilkumar, Jayas, White, Fields, & Gräfenhan (2017) studied 
Ochratoxin A (OTA) contamination in wheat kernels for five different 
thresholds between 54 and 700 μg/kg. The discriminant analyses per-
formed (linear, quadratic and Mahalanobis) reached classifications 
above 98% of precision. 

The legal limit for the sum of AFB1 in maize subjected to physical 
treatments before human consumption is 10 μg/kg (European 
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Commission, 2006b). Thus, the classification of individual kernels ac-
cording to AFB1 contamination should establish lower sorting thresh-
olds. AFB1 in individual maize kernels were first investigated by two 
similar studies from the same authors, establishing two limits in 20 and 
100 μg/kg (Yao et al., 2010). Although both analyses included the 
visible spectrum, they used different discrimination tools and reference 
methods. The results ranged between 84 and 87% and 86–91% for 20 
and 100 μg/kg threshold, respectively. On the other hand, other authors 
worked on the NIR range (1000–2500 nm) with the same purpose. First, 
Wang et al. (2015b) classified extreme (very high or very low) 
contaminated kernels with better precision than the 10–100 μg/kg 
range. Nevertheless, the overall result was 86.3% using the SAM clas-
sifier. Then, Chu, Wang, Yoon, Ni, & Heitschmidt (2017) validated a 
SVM classifier in 3 classes (<20, 20–100, and > 100 μg/kg) with a 

precision of 82.5%. The study of Zhou, Huang, Liang, & Tian (2021) 
reported the classification of AFB1 spiked kernels at four different levels 
(10, 20, 50 and 100 μg/kg). LDA models displayed a 88.67% of accuracy 
for Savitzky-Golay smoothed and 1st derivate spectra after selecting 5 
LV. Despite de high-accuracies, mycotoxin spiking for NIR-HSI analysis 
does not produce matrix changes in single kernels observed in naturally- 
infected cereals. In addition, the authors did not analyse the kernels by a 
reference method, thus the low contaminated kernels could contain 
already AFB1 from the field or the addition of AFB1 solutions on kernel 
could increase the levels from the already contaminated kernels. 
Consequently, the reference levels determined by spiking would not 
correspond to the real AFB1 concentrations in single kernels. Not in 
cereals but in almonds, Mishra et al. (2022) quantified AFB1 in single 
kernels. They obtained optimum PLS models for 2nd derivate spectra 

Table 2 
Single-kernel hyperspectral imaging studies for the classification of mycotoxin levels in cereals.  

Cereal Mycotoxin Type of 
infection 

Spectral 
range 
N◦ of LV 
used 

Preprocessing 
technique 

Reference 
method 

Training/test 
set 
Total kernels 

Threshold Classification model 
(accuracy %) 

Reference 

Wheat DON Natural 
infection 

528-1785 
nm 
2 LV 

– ELISA ~1320/ 
~8720 
10,862 total 
kernels 

0.5 mg/kg 
1.25 mg/kg 

3 classes CM (72%) 
2 classes CM (81%) 

(Barbedo, 
Tibola, & Lima, 
2017) 

Inoculated 400–2500 
nm 
(Whole 
range) 

– HPLC-MS No 
calibrations 
performed 

– Spectral signature (R 
> 0.8) 

(Alisaac et al., 
2019) 

Natural 
infection 

900–1700 
nm 
(Whole 
range) 

1st Derivative HPLC 50 total 
kernels 
(Cross- 
validated) 

1.25 mg/kg LDA (98.9%) (Femenias, 
Bainotti, et al., 
2021) 

OTA Inoculated 1000-1600 
nm 
3 LV  

– ELISA 240/60 
300 total 
kernels 

78, 120, 400, 
580, and 700 
μg/kg 
54, 91, 220, 
402, and 594 
μg/kg 

Linear, Quadratic and 
Mahalanobis 
discriminant analysis 
(>98%) 

(Senthilkumar 
et al., 2017) 

Maize AFB1 Inoculated 
2 LV 

400-900 nm Wavelength 
subtraction 
Savitzky-Golay 
filtering 

VICAM AflaTest 243/249  

247/245 
492 total 
kernels  

20 μg/kg 
100 μg/kg 

Maximum likelihood 
(87%) 
Binary encoding 
(88%) 

(Yao et al., 2010) 

Inoculated 
3 LV 

1000–2500 
nm 

Pixel-based 
mosaic 
Mask 

USDA-FG1S 
Aflatest 

180/30 
210 total 
kernels 

10 μg/kg 
100 μg/kg 

SAM classifier (86.3%) (Wang et al., 
2015a) 

Natural 
infection 

1000-2500 
nm 
5 LV 

Normalization VICAM AflaTest 80/40 
120 total 
kernels 

20 μg/kg 
100 μg/kg 

SVM (82.5%) (Chu et al., 
2017) 

Mycotoxin 
spiking 

1100–2000 
nm 
5 LV 

Savitzky-Golay 
smoothing 
1st derivative 

Kernel spiking 225/225 
450 total 
kernels 

10 μg/kg 
20 μg/kg 
50 μg/kg 
100 μg/kg 

LDA (88.67%) (Zhou et al., 
2021) 

Barley OTA Inoculated 
3–4 LV 

400–2500 
nm 

– ELISA 240/60 
300 total 
kernels 

140 μg/kg Linear, Quadratic and 
Mahalanobis 
discriminant analysis 
(100%) 

(Senthilkumar 
et al., 2016) 

DON Inoculated 
3–14 LV 

367-1048 
nm  

CARS-ISSPA ELISA 
GC–MS 

888/116 
1004 total 
kernels  

1.25 mg/kg 
3 mg/kg 
5 mg/kg 
10 mg/kg  

PLS-DA 
79.2% 
90.9% 
91.7% 
95.8% 

(Su et al., 2021) 

Oat DON Inoculated 
6 LV 

1000-2500 
nm 

SNV GC–MS 31/14 
45 total 
kernels 

– PLS 
LDA 
(R 0.8) 

(Tekle et al., 
2015) 

Peanuts AFB1 Inoculated 
3–10 LV 

350-2500 
nm 

Savitzky-Golay 
algorithm 

Artificial 
contamination 

- 

146 total 
kernels 

20 μg/kg  RandomForest (89.4%) 
SVM (62.2%) 
KNN (88.1%) 
BP-ANN (80.9%) 

(Zhongzhi & 
Limiao, 2018) 

BP-ANN = Backpropagation Artificial Neural Networks; CARS = Competitive adaptive reweighted sampling; CM = Confusion matrix; GA = Genetic algorithm; ISSPA =
Iterative selection of successive projections algorithm; KNN = K-Nearest Neighbors; MSC = Multiplicative scatter correction; SAE = Sparse autoencoder; SAM =
Spectral angle map. 
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and 7 optimum LV, with an R2 and RMSEP of 0.96 and 89 μg/kg, 
respectively. 

Different authors analyzed mycotoxins by NIR-HSI (1000–1600 nm) 
in individual barley kernels. Barley grain sorting according to OTA, 
which legal limit is 5 mg/kg, was first studied by Senthilkumar et al. 
(2016). The threshold was 140 mg/kg for different discriminant ana-
lyses (linear, quadratic and Mahalanobis). The accuracy reached 100% 
in the differentiation of OTA contaminated and non-contaminated ker-
nels. Unlike OTA analysis, which was for the NIR region, DON analysis 
was for Vis-NIR HSI. Complex wavelength selection tools, based on 
CARS and iterative selection of successive projections algorithm 
(ISSPA), were used in the study of Su et al. (2021). They established five 
different thresholds (1.25, 3, 5, and 10 mg/kg), for which the PLS-DA 
accuracy improved as well as the limit increased (79.2, 90.9, 91.7, 
and 95.8 %, respectively). 

Tekle et al. (2015) investigated DON infection in oat kernels in the 
NIR region (1000–2500 nm). A positive correlation of 0.8, using a PLS 
analysis between the spectra from oat and the reference values obtained 
by GC–MS, was obtained. In addition, they built LDA classification 
models to identify and visually represent DON infected regions within 
the wheat kernels. Finally, single peanut kernels were analyzed using 
similar processes to the used for cereal sorting by HSI (Zhongzhi & 
Limiao, 2018). AFB1 sorters based on different chemometric and arti-
ficial intelligence tools (Random forest, SVM, KNN, BP-ANN) were 
evaluated by Savitzky-Golay modified spectrum. Models performance 
were 89.4, 62.2, 88.1, and 80.9%, respectively (threshold of 20 μg/kg). 
Thus, the results demonstrated the HSI potential to sort single kernels 
according to mycotoxins levels. However, HSI analysis to discriminate 
kernels according to mycotoxins seems complex, regarding the low 
sensitivity of the technique for chemical compounds found naturally in 
concentrations from mg/kg to low mg/kg or convoluted spectral in-
tensities corresponding to mycotoxins that could be hidden by matrix 
compounds present in high concentrations. Thus, after several works 
revision and evaluating the most relevant results, we consider that the 
discrimination of mycotoxins levels from single kernels relies on the 
matrix changes in cereal kernels induced by fungal growth. Thus, for the 
time being, direct mycotoxin measurement with HSI is not feasible, 
although a broader chemical kernel characterization should be per-
formed, correlating it to the spectral alterations present in mycotoxin 
contaminated kernels/regions due to the changes produced by fungal 
metabolism. However, the positive but not high correlation of the fungal 
and mycotoxin presence can be responsible of misclassifications in sin-
gle kernel sorting approaches (Paul, Lipps, & Madden, 2005). One of the 
additional difficulties of single kernel analysis is the characterization of 
the kernel orientation, as the non-uniformities in kernel shape could 
cause scattering or dispersions of light. However, controversy exists 
about the grain orientation effect on the HSI analysis, as some studies 
reported the feasibility of randomly orientated kernels analysis, while 
others preferred the one-side analysis (Caporaso, Whitworth, & Fisk, 
2017; Delwiche et al., 2019; Shahin & Symons, 2011). Despite the 
drawbacks of the technique, the classification accuracies could be 
improved by the scanning of both kernel faces to diminish the orienta-
tion effect (Liu et al., 2020). In addition, reference method should 
measure the mycotoxin levels from single kernels to have the same 
analytical level of the dependent and independent variables and avoid 
the already known heterogeneity within a cereal batch. On the other 
hand, enhanced spectral pretreatments and chemometric techniques 
also should be applied, extracting information regarding mycotoxin 
contamination. The studies do not have to focus only on the chemo-
metric results but also on a well-defined and high-quality raw spectra 
collection, representing the sample features and avoiding light 
dispersions. 

5. Conclusions 

The review of the recently published investigations about 

hyperspectral imaging application to single kernel classification ac-
cording to fungal and mycotoxin contamination suggests that the het-
erogeneity management of these contaminants in cereal products is 
possible. It might be concluded that the results obtained regarding 
fungal damage discrimination presented positive accuracies that were, 
in most of the cases, above 90%. On the other hand, the classifications 
regarding mycotoxin presence showed slightly lower accuracies, the 
majority between 80 and 100%. Performance differences could be due to 
the differences in fungal damage produced during its growth, which 
changes the physicochemical structure of grains, while high mycotoxins 
levels are present in asymptomatic kernels. Nevertheless, fungal 
assessment studies predominantly focused on the visual characterization 
of fungal damages as the reference method. Thus, more precise reference 
methods are required for future investigations to avoid the introduction 
of subjectivity. In addition, regarding the laboratory-scale studies 
reviewed in this article, representative and commonly found field 
contamination levels are required, obtaining suitable models for routine 
sorting in the food industry. Concerning mycotoxin contaminations, the 
threshold established close to the maximum legal limit issued by the 
food safety authorities, although NIR presents low sensibility near those 
concentrations. However, the models’ performances presented corre-
spond to the management of the differences in majority compound 
changes due to fungal metabolism associated with mycotoxins produc-
tion. Thus, the applicability of these techniques as decontamination 
strategies at post-harvest stages is getting increasingly closer. In 
conclusion, a first approximation of the potential of HSI as an online 
sorting strategy before food processing, reducing overall contamination 
of cereal batches with subsequent health benefits and economic loss 
reduction, has been demonstrated. 
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