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Abstract

Hyperspectral imaging is a non-destructive technique with great capability to detect food defects and diseases. In this
research, infection of pistachio kernels by two different isolates of Aspergillus flavus, KK11 and R5, was determined
using long-wave near-infrared hyperspectral imaging. Seven fungal growing stages on pistachio kernels, for both
isolates, were investigated. The features from the hypercubes of healthy and infected pistachios were extracted,
selected and then used for classification by linear discriminant analysis and quadratic discriminant analysis (QDA)
methods which were performed by 10-fold cross validation technique in MATLAB 2010a. The QDA model gave
the highest classification accuracy for all classes (healthy and infected kernels by different fungi and at different
stages). For classification of infection by different fungi at the last fungal growing stage, QDA had the accuracy of
91.7%. As KK11 is an aflatoxin-producing and R5 is a non-aflatoxin-producing fungus isolate, the importance of

the technique to detect aflatoxin contamination in pistachio is significant.
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1. Introduction

One of the main problems of pistachio nut is aflatoxin
contamination, which has adverse effects on food and
economic security (Saremi et al., 2007). Aflatoxins B,
B,, G; and G, are carcinogenic (Diener et al., 1987) and
are formed by certain strains of Aspergillus flavus and
A. parasiticus (Ehrlich et al., 2003) under favourable
conditions (Georgiadou et al., 2012).

Several imaging techniques including visible imaging
(Davies, 2009), X-ray imaging (Mathanker et al.,
2013), thermal imaging (Gade and Moeslund, 2014;
Manickavasagan et al., 2008) and hyperspectral imaging
(Dale et al., 2013) were used for agricultural and food
subjects. The latest imaging technology used for fungal
detection is hyperspectral imaging (HSI). In this method
conventional imaging and spectroscopy are integrated to
get area spectrum information from regions of interest.

HSI has been used by several researchers as a non-
destructive technique (Gowen et al., 2007; Mahesh et al.,
2015) for many applications. In this method, many images
corresponding to a desired wavelengths are collected as a
three dimensional matrix, called hypercube (Mahesh ez
al., 2015). For detecting fungal infection by hyperspectral
imaging, Gomez-Sanchis et al. (2008) showed the capability
of the technique in detection of rottenness in mandarin
caused by Penicillium digitatum fungus. They used 20
wavelengths to classify the healthy and rotten fruits. Qin ez
al. (2009) discriminated the canker disease in citrus. They
obtained the images in 450-930 nm wavelength region. In
another research to detect citrus canker, Qin et al. (2012)
developed a real-time system to capture images at 730
and 830 nm. Del Fiore et al. (2010) used hyperspectral
imaging to detect toxigenic fungi on maize. They reported
that the technique significantly can differentiate healthy
from fungal infected maize kernels. Singh et al. (2012)
classified the images of healthy and fungal-infected wheat
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kernels obtained from short-wave near-infrared (SWNIR),
700-1,100 nm; long-wave NIR (LWNIR), 1000-1,600 nm;
and visible region of the electromagnetic spectrum. They
reported that the combination of SWNIR and digital colour
image features gave the best results.

To the best of our knowledge, no research has been
conducted to detect fungal infection in pistachio kernels. In
this research, an aflatoxin-producing and a non-aflatoxin-
producing isolate of A. flavus fungi were used to infect the
pistachio kernels. Also, seven fungal growing stages for
each fungus were investigated.

2. Materials and methods
Sample preparation

The pistachio kernels from Akbari variety produced in
Rafsanjan region, Kerman, Iran, were selected randomly
for the study. For sterilising, the kernels were put in a litre
of hypochlorite sodium 0.05% for 1 min. The kernels were
separated and dried at room temperature for 10 min. A
portion of them was considered as healthy sample. Other
kernels were infected by A. flavus fungi. Infection was
done by two isolates of A. flavus: KK11 and R5, separately.
The KK11 isolate cannot generate aflatoxin but R5 isolate
produces it.

To infect the kernels, two suspensions with 107 spores/ml
were produced. In the first, a suspension of distilled water
and KK11 isolate was produced and used for infection of
several sterilised kernels. After that, a new suspension
was produced from distilled water and R5 isolate to
infect the remaining sterilised kernels. The kernels were

placed and turned in the respective suspension for 30 s.
The infected kernels were taken out from the suspension
and placed in Petri dishes. The dishes were placed in an
incubator at 30 °C for a week. To investigate the ability of the
hyperspectral imaging for detecting the fungi at different
stages of infection, the kernels were taken to acquire near-
infrared hyperspectral data after each day. So, there were
7 infection stages for each isolate: infection stage 1 (one
day after putting infected kernels in incubator), infection
stage 2, ..., and finally infection stage 7. As shown in Table
1, totally, 15 classes of pistachio kernels were examined:
(1) healthy pistachio; (2) infection stage one by KK11; (3)
infection stage two by KK11; ...; (8) infection stage seven by
KK11; (9) infection stage one by R5; ...; and (15) infection
stage seven by R5.

Data acquisition

A LWNIR hyperspectral imaging system (Figure 1) was
used to obtain hypercubes of healthy and fungal infected
kernels at different fungal growing stages. This equipment
is the same as used by Singh et al. (2012).

The system included a camera, thermoelectrically cooled
InGaAs (model SU640-1.7RT-D; Sensors Unlimited Inc.,
Princeton, NJ, USA), detector with 640x480 pixels, a 25
mm F1.4 C-mount lens (Electrophysics Corp., Fairfield, NJ,
USA) and two VariSpec liquid crystal tunable filters (LCTFs;
model MIR06; Cambridge Research and Instrumentation
Inc., Woburn, MA, USA) connected to the camera. The
acquiring range of the system was 900-1,700 nm with
minimum resolution of 0.01 nm limited by the internal
electronics controlling the LCTFs. The illumination part
included two halogen-tungsten lamps (300 W; Ushio

Table 1. Pistachio classes according to fungi contamination with Aspergillus flavus KK11 or R5.

Class no. Class type Specification No. of samples
1 healthy healthy pistachio 35
2 infection stage one by KK11 1 day after infecting by KK11 27
8 infection stage two by KK11 2 days after infecting by KK11 45
4 infection stage three by KK11 3 days after infecting by KK11 48
5 infection stage four by KK11 4 days after infecting by KK11 48
6 infection stage five by KK11 5 days after infecting by KK11 48
7 infection stage six by KK11 6 days after infecting by KK11 48
8 infection stage seven by KK11 7 days after infecting by KK11 48
9 infection stage one by R5 1 day after infecting by R5 48
10 infection stage two by R5 2 days after infecting by R5 46
1" infection stage three by R5 3 days after infecting by R5 48
12 infection stage four by R5 4 days after infecting by R5 48
13 infection stage five by R5 5 days after infecting by R5 48
14 infection stage six by R5 6 days after infecting by R5 48
15 infection stage seven by R5 7 days after infecting by R5 48
Total 681
130 Quality Assurance and Safety of Crops & Foods 8 (1)



Figure 1. Long-wave near-infrared hyperspectral imaging
system.

Lighting Inc., Cypress, CA, USA) placed at 0.5 m above
the specimens with 45° downward angle. The camera was
connected to a computer (Dell Optiplex GX280 Intel (R),
Dell Inc., Round Rock, TX, USA) using a digital frame
grabber (model NI PCI-1422; National Instruments Corp.,
Austin, TX, USA) through a RS-422 port. The system had
a control program developed in LabVIEW environment
(Version 1; National Instruments) for aligning the system,
acquiring images and storing the obtained hyperspectral
data (hypercube) in an addressable 12-bit binary file.

Before the commencement of each imaging session, a dark
current image was acquired by putting the board in front of
the lens to block the aperture of the camera. Thereby, the
system could automatically subtract the dark current image
from subsequent acquired images. To transform hypercubes
into reflectance a standard Spectralon reflectance panel
with 99% reflectance (Labsphere Inc, North Sutton, NH,
USA) was used to acquire two white images at the start
and the end of each imaging session (Singh et al., 2012).

A black plastic board was used as a support to put samples
in the front of the lens of the camera, and also to have a dark
current image. Four non-contacted kernels were manually
placed on the black plastic board under the lens of the
camera. The control software was set to scan pistachio
images at 960 nm to 1,700 nm with 10 nm intervals (totally
75 slices). To improve the signal to noise ratio, the system
automatically acquired 10 image slices within each interval
during image acquisition. For each pistachio class, the
hypercubes of around 27-48 kernels were scanned. The
acquired hypercubes were stored with corresponding names
in an external hard drive attached to the personal computer.

Infection detecting by hyperspectral imaging

Hyperspectral image processing
Image pre-processing and feature extraction

Three programs were developed in MATLAB (Mathworks
Inc., Natick, MA, USA) to extract statistical features
from the hypercubes. The first program calculated the
average reflectance of the standard Spectralon reference
from each imaging session. For this, the reflectance of all
75 wavelengths for both grabbed white images of each
imaging session (at the start and the end of each session)
were calculated and saved in a separate excel worksheet
file with the corresponding name.

The second program obtained the first and second
principal components, PC1 and PC2, of reflectance for
each wavelength. These data were used to select the
effective wavelengths for feature extraction according to
Singh (2009).

The third program was for the extraction of statistical
features only from the selected wavelengths. The features
were maximum, mean, minimum, median, variance and
standard deviation of reflectance of the hyperspectral
images.

Image classification

The extracted features were considered as input to
classifier algorithms which were developed based on linear
discriminant analysis (LDA) and quadratic discriminant
analysis (QDA) in MATLAB 2010a software. The
discriminant analysis (DA) classifier discriminates the
classes based on the predictor data. In DA, discriminant
functions, estimated using training data, determine
boundaries in predictor space between the classes. The
generalised squared distance of average of each class is
calculated and each response variable is assigned to a given
class with a belonging probability. A multivariate normal
density with an estimated pooled covariance is fitted to
each class by LDA whereas QDA fits several multivariate
normal densities with covariance estimates stratified by
class (Chelladurai et al., 2010; Singh et al. 2012).

K-fold cross validation technique was used to validate
the developed LDA and QDA models. Cross validation
or rotation estimation, divides the data to K groups and
classification process is run K times. Each time, K-1 groups
are used for training and the remaining group is used for
validation (Bengio and Grandvalet, 2004). After K running
times, all data were used for training and testing. As 10-fold
was more popular (McLachlan et al., 2004), in this research
K was considered as 10.
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3. Results and discussion

The first and second principal component factor loadings
(PC1 and PC2, respectively) accounted for almost 99%
total variance, and were separately plotted against the
wavelengths for all classes. Figure 2 shows these data
for PC1 (Figure 2A) and PC2 (Figure 2B), respectively.
As PC coefficients or loadings explain the correlation
between a component (e.g. PC1) and original variables (e.g.
wavelength), the variable with highest absolute loading value
in a particular component captures the maximum variance
within that component. So, the top two wavelengths (1,090
and 1,280 nm) for PC1 factor loading (Figure 2A), and the
highest factor loading wavelength (1,700 nm) for PC2 factor
loading (Figure 2B) were selected as effective wavelengths
for feature extraction (Kaliramesh et al., 2013; Singh, 2009;
Singh et al., 2012).

The confusion matrix of the LDA and QDA classifiers are
shown in Table 2 and 3, respectively. In each table, there
were 15 different pistachio classes (Table 1). The correct
classification rate (CCR) of the classifiers for classifying
healthy and fungal infected pistachio kernels by KK11
and R5 isolates at various infection stages were 67.5 and
91.6% for LDA and QDA, respectively. The QDA model
had higher ability to detect healthy pistachios and fungal
infections isolates and stages than the LDA model.

As the CCR of QDA was higher than that of the LDA model,
the confusion matrixes were different correspondingly.
For example, classification accuracy to detect healthy
pistachio from infected ones by QDA (35/35 or 100.0%)
is significantly higher than that of LDA (32/35 or 91.43%).
These results show the higher classification power of the
QDA model to detect healthy from infected pistachio
kernels. Also, classifying accuracy for detecting the class

number 2 and 9 was 100%, whereas the classifier ability for
other classes was lower.

Narvankar et al. (2009) reported that between statistical
discriminant (linear, quadratic, and Mahalanobis) and back-
propagation neural network methods for classification of
soft X-ray images of healthy and infected wheat kernels by
Aspergillus niger, Aspergillus glaucus group and Penicillium
spp. in one growing stage, linear discriminant classifier
was the best with accuracy of 98.9%. Delwiche (2003) used
LDA, soft independent modelling of class analogy and the
PCA to classify near-infrared reflectance spectroscopy data
from sound and damaged wheat kernels. They reported
that accuracy of LDA method was the highest (98.4%). This
shows that the result of the present research (100.0% by HSI
and QDA for healthy and infected pistachio) is comparable
with the results of Delwiche (2003) and Narvankar et al.
(2009).

Qin et al. (2009) discriminated canker disease in citrus
using hyperspectral imaging technique with 96.2% accuracy.
Gomez-Sanchis et al. (2008) classified healthy and fungal
infected mandarin by hyperspectral imaging and reported
that classification and regression trees method had the
highest accuracy (around 91%). The best result reported
by Peng et al. (2011) for prediction of microbial spoilage
of beef using hyperspectral imaging was 95%. Wang et
al. (2004) classified hyperspectral images of healthy and
fungal infected soybean kernels. Their highest classification
accuracy was 94.6%. Singh (2009) reached the highest
accuracy for classification of hyperspectral images by
combination of morphological, colour, textural and SWNIR
features. His accuracy was between 99 and 100% for
classification of healthy and fungal-infected wheat kernels.

By comparing the results of classification in the present
study with the results of previous studies, although these
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Figure 2. (A) First principal component (PC1) and (B) second principal component (PC2) data at different wavelengths for all

classes, separately.
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Table 2. Confusion matrix of the classifier model based on linear discriminate analysis.

Class no.! 1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 Accuracy (%)
1 32 0 2 0 0 0 0 0 0 0 0 0 0 1 0 91.4
2 0 19 2 0 0 0 0 0 6 0 0 0 0 0 0 70.4
3 0 0 39 1 0 0 0 0 0 5 0 0 0 0 0 86.7
4 0 0 0 31 2 0 0 0 0 0 11 3 1 0 0 64.6
5 0 0 0 0 25 6 0 0 0 0 0 6 7 0 4 52.1
6 0 0 0 0 7 23 0 3 0 0 0 1 6 7 1 47.9
7 0 0 0 0 0 1 23 8 0 0 0 0 0 16 0 47.9
8 0 0 0 0 1 1 7 25 0 0 0 0 0 4 10 52.1
9 0 1 0 0 0 0 0 0 47 0 0 0 0 0 0 97.9

10 0 0 3 4 0 0 0 0 0 39 0 0 0 0 0 84.8

1 0 0 0 1 0 0 0 0 0 0 46 1 0 0 0 95.8

12 0 0 0 4 4 0 0 1 0 1 0 32 7 0 1 66.7

13 0 0 0 1 10 4 0 2 0 0 0 1 22 2 6 45.8

14 0 0 0 0 0 7 5 4 0 0 0 0 0 30 2 62.5

15 0 0 0 0 0 0 0 10 0 0 0 0 4 7 27 56.3

Accuracy (%) 100.0 950 84.8 738 51.0 561 657 472 887 867 80.7 727 537 448 529 675

1 Description of classes is provided in Table 1.

Table 3. Confusion matrix of the classifier model based on quadratic discriminate analysis.

Classno.! 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 Accuracy (%)
1 35 0 0 0 0 0 0 0 0 0 0 0 0 0 0 100.0
2 0 27 0 0 0 0 0 0 0 0 0 0 0 0 0 100.0
3 0 0 43 0 0 0 0 0 0 2 0 0 0 0 0 95.6
4 0 0 0 43 0 0 0 0 0 0 3 2 0 0 0 89.6
5 0 0 0 1 38 0 1 1 0 0 0 5 1 1 0 79.2
6 0 0 0 0 1 42 2 0 0 0 0 0 0 1 2 89.6
7 0 0 0 0 0 2 44 0 0 0 0 0 0 2 0 87.5
8 0 0 0 0 0 0 6 34 0 0 0 0 1 0 7 70.8
9 0 0 0 0 0 0 0 0 48 0 0 0 0 0 0 100.0

10 0 0 0 0 0 0 0 0 0 46 0 0 0 0 0 100.0

1 0 0 0 1 0 0 0 0 0 0 47 0 0 0 0 97.9

12 0 0 0 0 3 0 0 0 0 0 0 45 0 0 0 93.8

13 0 0 0 1 0 0 0 1 0 0 0 0 43 0 3 89.6

14 0 0 0 0 1 0 1 0 0 0 0 0 0 46 0 95.8

15 0 0 0 0 1 0 0 2 0 0 0 0 2 0 43 89.6

Accuracy (%) 100.0 100.0 100.0 935 864 955 815 895 1000 958 940 865 915 835 782 916

1 Description of classes is provided in Table 1.

were not about pistachio, we conclude that hyperspectral
imaging using QDA classifier can be a powerful machine
vision technique for distinguishing healthy pistachio kernels
from fungal infected ones (without considering fungus type
and infection stage).

As can be seen in Table 2 and 3, the classification accuracy,
adversely, decreased as time after infection increased. These
results are counterintuitive but probably were caused by
the non-homogeneity of fungal growth in the first days
of infection. However, as the QDA had much better
results than the LDA model, QDA method was followed
for detecting 3 new classes without considering infection
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time: (1) healthy pistachio; (2) pistachio infected by KK11
isolate at all stages; and (3) pistachio infected by R5 isolate
at all stages (Table 4). The healthy pistachios and those
infected by KK11 and by R5 were 35, 312 and 334 samples,
respectively. As seen in Table 4, the QDA classifier can
classify healthy kernels (35 of 35, 100.0%), infection by
KK11 at all stages by accuracy of 285 of 312 (91.3%) and
infection by R5 at all stages by 323 of 334 (96.7%). The CCR
of the model for detecting the 3 classes was 94.4%. This
result showed ability of hyperspectral imaging to detect the
fungus effect, when comparing the healthy with infected
kernels and also difference between fungus types, when
comparing the infection by KK11 and R5 fungi isolates.

In order to investigate the possibility of hyperspectral
imaging system with assistance of the QDA classifier for
detecting aflatoxin contamination in pistachio, another
classification was considered including 2 classes: (1)
pistachio infected by KK11 isolate at stage seven (class
number 8, including 48 specimens); and (2) pistachio
infected by R5 isolate at stage seven (class number 15,
including 48 specimens). The results are shown in Table 5.
Here, the CCR of the classifier was 88.5%. The classifier can
detect 40 of 48 infections by KK11 at stage seven and 45
of 48 infections by R5 at the same stage. The total error of
the classifier was 11 of 96 (11.6%). As KK11 is an aflatoxin-
producing and R5 is a non-aflatoxin-producing fungus, it
seems that hyperspectral imaging techniques utilising this

Table 4. Result of quadratic discriminate analysis for
classification of healthy pistachios and pistachios infected
by Aspergillus flavus KK11 or R5 at all stages."

Class 1 Class 2 Class 3 Accuracy
Class 1 35 0 0 100.0%
Class 2 0 285 27 91.3%
Class 3 0 1 323 96.7%
Accuracy 100.0% 96.3% 92.3% 94.4%

1 Class 1, 2 and 3 are healthy, A. flavus KK11 and R5, respectively.

Table 5. Result of quadratic discriminate analysis for
classification of healthy pistachios and pistachios infected
by Aspergillus flavus KK11 or R5 at the seventh stage.'

Class 8 Class 15 Accuracy
Class 8 40 8 83.3%
Class 15 8 45 93.8%
Accuracy 93.0% 94.9% 88.54%

1 Class 8 and 15 are healthy, A. flavus KK11 and R5, respectively.

type of analysis procedure is a promising method to detect
aflatoxin contamination in pistachio kernels.

4. Conclusions

Hyperspectral images of healthy and infected pistachio
kernels by R5 and KK11 isolates of A. flavus fungi at
seven fungal growing stages (totally 15 classes) were
classified using LDA and QDA methods applied by 10-
fold cross validation. Hyperspectral imaging by help of the
QDA classifier successfully classified healthy and fungal
infection of pistachio kernels without considering type of
fungal isolate and infection stages (100% accuracy). Also,
QDA method classified healthy and infected pistachios
considering fungi type (KK11 and R5) by accuracy of 94.4%.
The QDA procedure classified KK11 and R5 infection
at last infection stage with accuracy of 88.5%. It seems
that hyperspectral imaging technique utilising this type of
analysis procedure is a promising method to detect aflatoxin
contamination in pistachio kernels.
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