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Modeling Honey Adulteration by Processing Microscopic
Images Using Artificial Intelligence Methods
M. Pirmoradi1, M. Mostafaei1*, L. Naderloo1, and H. Javadikia1
ABSTRACT
The aim of this study was to determine the authenticity of honey by processing
microscopic images and obtaining an algorithm for classifying various honey frauds. In
this study, sucrose, fructose, and fructose-glucose solution at a ratio of 0.9 were used to
make honey adulteration. The level of adulterated honey was based on the weight
percentages of 2.5, 5, 7.5, 10, 20, 30, 40, 50, 60, 70, 80, 90 and 100 by stirring. Different
samples were imaged under a microscope. Each image was processed in 33 monochrome
color spaces and 15 parameters were extracted from it. The three main and effective
parameters of various color spaces were selected using sensitivity analysis for modeling
honey fraud by adaptive Fuzzy Neural Inference System (ANFIS), Artificial Neural
Network (ANN), and response surface methodology. Various criteria were used to
evaluate the performance of the models such as coefficient of determination, mean square
error, sum of squared estimate of errors, and mean absolute errors. The results showed
that the determination coefficient and the mean square error of the artificial neural
network model was 0.974 and 0.0024, respectively. Finally, using the desirability function,
the artificial neural network model was selected as the best model due to less prediction
error values and desirability of 0.948.
Keywords: Adaptive fuzzy neural inference system, Artificial neural network, Desirability
function, Response surface methodology.

Syrup (SS) can be detected by isotope ratio
mass spectroscopy. Honey adulteration by
adding C4 plant sugar (GS-HFCS) was
detected by this method while adulteration
by C3 (SS) was not detected (Tosun, 2013).
Previous studies have shown that expensive,
highly specialized, and time-consuming
methods and tools are required to determine
the extent of adulteration in honey. In this
context,
various
methods
including
spectroscopy, chromatography, differential
scanning calorimetry, electronic instruments
and sensors, or the combination of these
methods can be used (Agila, and Barringer,
2013; Anthony and Balasuriya 2016;
Cordella et al. 2003; Du et al. 2015; Zakaria
et al. 2011; Salvador et al. 2019).
The high capability (speed, low cost) of
image processing methods in the food
industry has been known for a long time.

[ Downloaded from jast.modares.ac.ir on 2023-01-09 ]

INTRODUCTION
Honey is a sweet natural food substance
produced by bees. Honeybees collect and
transport the nectar of blossoms, secretions
of living parts of plants, or excretions of
plant-sucking insects. Then, they combine it
with their own particular body materials and
store them in the hive until the process is
over (Standard, 2001).
Typically, honey adulteration can be direct
or indirect. Today, with the increasing
production of fermented and natural syrups,
their direct addition to honey is a widespread
form of adulteration. For example, honey
adulteration was reported by mixing it with
fructose syrup (Li et al., 2012). The honey
adulteration with High Fructose Corn Syrup
(HFCS), Glucose Syrup (GS) and Sucrose
1
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Food industry is one of the first ten pioneer
industries that has benefited from image
processing methods as this method has
succeed in offering a non-destructive
evaluation approach for the food products
(Du and Sun 2004).
Various methods have been reported in the
literature,
including
chromatographic
methods, UV-Vis spectroscopy, vibrational
spectroscopy,
hyperspectral
imaging,
differential scanning calorimetry, dielectric
spectroscopy, and
nuclear
magnetic
resonance
spectroscopy
with
linear
discriminant analysis to describe and
classify food products, as well as to detect
and quantify food contaminants (Esteki et al.
2017; Esteki, Simal-Gandara, et al. 2018;
Esteki, Shahsavari, et al. 2018; Yang et al.
2018; Fahim Danesh and Bahrami 2015;
Khorsandmanesh et al. 2020).
A study addressed the use of
classification-based hyper-spectral imaging
and data mining systems to detect honey
adulteration. Hyper-spectral images (4001,000 nm) were captured from pure and
adulterated
samples
using
Vis-NIR
spectroscopy.
The
results
of
the
classification tests showed the highest
classification accuracy of 95% for the
Artificial Neural Network (ANN) method
(Shafiee, et al. 2016).
In a microscopic study on the honey, a
laboratory method was employed to separate
and detect sunflower pollen. This method
was based on ARGUS image processing to
reduce the pollen analysis and origin
determination time (Cseke, et al. 1993). In
the mentioned study, the author expressed
that the pollen quantity of each slide will
determine adulteration in honey.
To investigate the sucrose syrup
adulteration in honey, microscopic analysis
can also display parenchyma cells, singlearterial vessels, and epidermal cells.
Generally, due to low technology and high
impurities in the production of syrups,
microscopic methods can screen the product
to detect the fraud of sugar cane products in
honey (Kerkvliet et al. 1995). Honey
adulteration is expanding. Various types of

honey fraud exist; but no method has been
developed for the simultaneous detection of
all these adulteration (DU et al. 2015).
In this research, various types of syrups
such as sucrose, fructose and fructoseglucose solution at the ratio of 0.9 were used
at different levels to create honey
adulteration. Adaptive Neuro Fuzzy
Inference System (ANFIS), ANN, and
Response Surface Methodology (RSM)
approaches were also employed to model
and determine the amount of adulteration.
The performance of models was evaluated
by statistical criteria such as R2 (Coefficient
of Determination), MSE (Mean Squared
Error), SSE (Sum of Squared estimate of
Errors), and MAE (Mean Absolute Error).
The aim of this study was to find an
algorithm for determining the honey
authenticity by differentiating the amount of
pollen and insoluble solids in microscopic
images regardless of the type of adulteration
(nutritional or additive) and the type of the
applied syrup.
MATERIALS AND METHODS
The fennel honey was obtained from the
beekeepers
at
Kangavar
Area
of
Kermanshah, Iran. In order to ensure that the
honey was not adulterated, three hives were
randomly selected from this area. To have
natural and highly pure honey, the
beekeepers were asked not to give any
nutritional syrup to these hives.
Pollen Analysis (Melissopalynology) to
Prove the Type of Feeding Flower
The honey extracted from the hives was
investigated to determine the source of the
plant (fennel) by pollen analysis method,
prior to the research process. For this
purpose, 20 g of pure honey samples were
dissolved in 40 mL distilled water at 30°C.
The specimens were then centrifuged at
3,000 rpm for 15 minutes using
a Rotina 46 R centrifuge (Het-Tich

366

Modeling of Honey Adulteration by Image Processing _____________________________

Zentrifugen, Germany). The upper phase
was removed and sediment mixed with 10
mL solution of sulfuric acid (Merck,
Germany) and acetic acid (Merck, Germany)
at the ratio of 1:9, it was then placed in a
bain-marie (or water bath) at 60°C for 10
minutes (acetolysis). The samples were
centrifuged at 3,000 rpm again and the
supernatant was removed. The sediment
mixture was then dispersed on a glass slide.
Each analysis was performed in 3
replications. At least 500 pollen grains were
counted for confirmation of the botanical
origin (Anjos et al., 2015). More than 46%
of the pollen, as shown in Figure 1-a, was
depicted in the image of fennel pollen,
which corresponded to Figure 1-b derived
from the scientific sources of pollenology
(D’Ávila, et al., 2016).

1280×1024 pixels images (Figure 2-a). In
this study, three syrups were used to make
adulteration: sucrose, fructose and fructoseglucose solution with ratio of 0.9, which is
close to the natural composition of honey.
To prepare 100 g of sucrose syrup, 66.62 g
of pure sugar of commercial grade was
dissolved in 33.28 g of deionized water at
20°C with weight ratio of 2:1 (Asadi, 2006).
The treatments of triple syrups were mixed
with honey at percentage levels of 0, 2.5,
7.5, 10, 20, 30, 40, 50, 60, 70, 80, 90 and
100 (weight) by agitator for 3 minutes, and
then kept in bain-marie at 35°C for 20
minutes in order to homogenize (Bidin, et
al., 2016). Then, 20 g of samples were
dissolved in 40 mL distilled water at 30°C
without using the acid, the samples were
then centrifuged at 1,500 rpm for 10
minutes. The upper phase was separated and
distilled water added to sediment for the
second time and centrifuged at 1,500 rpm
once again. Finally, 5 μL of sediment
mixture was placed on a Lam. The glass
slide of samples was prepared by placing the
Lamel on the Lame, for uniform spreading

Sample Preparation and Imaging
The microscope chosen for the sample
capture was a Dino-Lite Edge AM4515ZT.
This device provides a resolution of
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Figure 1. (a) Image of fennel pollen in this research, and (b) Equator view of fennel pollen from scientific sources.

Figure 2. (a) Image capturing devise, and (b) Schematic of glass slide (Lamel and Lam).
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of materials (Figure 2-b). For uniform
imaging, four points were determined on the
symmetry line of the Lamel. The difference
between pollen and other insoluble solids
was evident in microscopic images (Figure
3). The dispersion of the sediment is oval
and decreasing trend from the center of the
Lamel to the sides. Therefore, each slide
photo could be full or empty from pollen
and insoluble solids, but the average value
of the parameters examined in all photos in
each sample was in relation to the amount of
adulteration.

components] and Gray channels of
MATLAB Image Processing Toolbox were
used. Other types of color spaces could be
obtained using linear or nonlinear transfer
functions (Gonzalez and Woods 2002).
Also, classification systems such as ANFIS,
ANN and RSM were employed by
MATLAB 2013b and Design Expert 10
software, respectively.
Evaluating Model Performance
For evaluating the performance of the
obtained models, different statistical criteria
were used such as coefficient of
determination, mean square error, sum of
squares for error and mean absolute error.
Equations (1) to (4) shows these criteria
(Mostafaei, 2018).

Image Processing
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In this study, in order to have more
features in the process of image processing,
color space for RGB (Red, Green, and Blue
channels), CMY (Cyan, Magenta, and
Yellow channels), BW (Black and White
channels), HSV (Hue, Saturation, and Value
channels), I1I2I3 (linear relationship of the
components of this space with the RGB
space), Lab (a pixels light converted into the
L channel with a and b color channels),
NrNgNb (normalized RGB values), YCbCr
[converted of an RGB image to luminance
(Y), and Chrominance (Cb and Cr) values],
YCrCgCb (the brightness information from
the conversion of RGB space by a Y
component), YIQ [luminance (Y) and
chrominance information], YUV [luminance
(Y) and two color difference (U, V)

∑
∑

∑
∑
∑

(1)
(2)
(3)
(4)

In these equations, XS is the actual values,
X0 is the predicted values, Xm is the average
of actual values, Sm is the average of
predicted values and n is the number of
predicted values.
The four different statistical indicators
may be different, and the model is not

Figure 3. Microscopic images, pollen and solids in the sediment.
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optimal at the same time for all indicators;
therefore, by defining the desirability
function as Equations (5) to (7), the optimal
model was introduced for predicting the
adulteration (Myers et al., 2016). Of course,
it should be noted that the weight and
importance of each index were assumed the
same. If the response (y) is maximized, its
partial desirability is defined as follow:

images were captured in each treatment and
984 images were taken at all 41 treatments. As
mentioned above, 495 parameters were
processed from each image and, therefore,
11,880 image parameters were processed for
each treatment. For modeling process, the
average of all of the parameters obtained from
24 images of each treatment were examined.
Some color channels are shown in Figure
4. As it is known, the HSV, BW, I1I2I3, Lab,
NrNgNb, YCrCgCb channels do not provide
a specific resolution of the image
components, unlike the RGB, YCbCr, YIQ,
Gray, YUV and CMY channels. In the YIQ
channel, the highest resolution of the image
components (pollen clusters and insoluble
solids) is more clearly specified.

(5)
The minimal desirability of the response
(y) is defined below:

(6)
The total desirability function for each
model is defined in Equation (7):
⁄

(7)

In these equations, , y, L, U, D and n are
partial desirability of each response, value of
response (relevant index), smallest amount
of response, maximum amount of response,
total desirability function, and the number of
responses, respectively.

Sensitivity Analysis
Using all of the parameters obtained from
the images will cause the models to be in error
and inefficient. Therefore, using sensitivity
analysis, the parameters were identified that
were more sensitive to the amount of fraud. It
was tried to select channels and monochrome
images of each channel that seemed
appropriate and had a good separation of color
(Figure 4). Then, by limiting some of the
features, the sensitivity analysis was used to
select the best inputs of the models. According
to the importance of sensitivity analysis, the
selected inputs included the minimum value of
R for RGB images, the minimum G value for
RGB images, the minimum B value for RGB
images, the minimum Y value for YCbCr
images, the minimum Y for YIQ images, the
minimum value for Gray images, the
minimum Y value for YUV images and the
maximum Y value for CMY images. The
results obtained from the sensitivity analysis of
the eight inputs are shown in Figure 5. The rest
of the parameters had a much lower sensitivity
to the amount of fraud. According to Figure 5,
the minimum Y of single-color image is
shown as the most sensitive parameter in the
YIQ color channel. Therefore, the three
selected input parameters for modeling were
the minimum R value for RGB images, the
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RESULTS AND DISCUSSION
In general, each of the images taken from the
honey samples were examined in 33 single
color channels, including a channel of Gray,
two channels of BW, and three channels for
each of the 10 color spaces mentioned above.
In each monochrome channel, 15 parameters
were measured: minimum, mean, maximum,
standard deviation, mode, correlation
coefficient, variation range, skidding,
stretching, entropy, variance, median,
harmonic average, covariance and contrast. In
other words, 33×15 parameters or 495 inputs
were extracted from each image for modeling
process. Due to the difference in the amount of
components in the microscopic slide, an
algorithm was developed for the separation of
honey based on the amount of adulteration.
According to the mentioned pollen analysis
method in the sampling section, six replicates
(slides) were prepared from each treatment. In
each slide, four distinct image points were
recorded; therefore, for each type of fraud, 24
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(a)

(b)

(c)

(d)
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(e)
(f)
Figure 4. Display of color channels for pollen clusters and insoluble solids: (a) Original image (RGB), (b)
YCbCr, (c) YIQ, (d) HSV, (e) Y of color channel (YIQ), and (f) H of color channel (HSV).

Figure 5. Sensitivity analysis of the eight selected parameters relative to the percentage of honey adulteration.
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minimum value B for RGB images, and
the minimum Y value for YIQ images.

regression of the model (error) was in an
acceptable situation.

Modeling the Percentage of Honey
Adulteration Using ANFIS Approach

Modeling the Percentage of Honey
Adulteration Using ANN Approach

For ANFIS approach, the three mentioned
parameters in sensitivity analysis i.e. the
minimum R value for RGB images, the
minimum value B for RGB images, and the
minimum Y value for YIQ image were used
as input variables and the amount of honey
adulteration was used as output of the
model. To begin the model development
process, the collected data was randomly
divided into two data sets: training (70% of
all data) and test (30% of all data). The
structure of the best ANFIS model and the
performance parameters of the model for
predicting honey adulteration are shown in
Tables 1 and 2, respectively.
The correlation and fitting of the
experimental and predicted adulteration for
the test and all data set are shown in Figure
6. In this figure, the large (green color) and
small (red color) scatter graphs were found
for all data and test data, respectively. As
shown in this figure, there is good fitness
between actual adulteration and predicted
value by the ANFIS model. The value of the
determination coefficient (R2= 0. 973)
indicates that only 2.74% of the total
variations cannot be explained by this
model. The dispersion of data around the

For ANN approach, the multi-layer
perceptron network or the feed forward
neural network was used. The input
parameters of the neural network model
were the same three high sensitive
parameters obtained from the analysis of
sensitivity and output of the model was also
amount of adulteration. Also, 30% of the
data was used for testing and the rest for
training. The best neural network structure
for detecting the amount of fraud is
presented in Figure 7. This model was
selected using trial and error algorithm from
dozens of different models with different
structures. The characteristics of this model
and its functional parameters are presented
in Tables 3 and 4, respectively. As shown in
Figure 7, the selected model has three
inputs, two hidden layers with four and one
neuron, and Tansig transfer function. In the
output layer, according to the number of
outputs of the model, only one neuron has a
linear transfer function. Among the different
methods of training in the method of back
propagation of errors, the LevenbergMarquardt algorithm was selected for use in
the present study due to faster convergence
in the training of medium-sized networks.

Table 1. Characteristics of the best ANFIS model to estimate the honey adulteration.
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Number of
input

3

Number of
Membership
Function (MF) for
each input
3

MF type

Output
type

Optimization
method

Number of
epoch

triangular

Linear

grid partition

100

Table 2. The performance parameters of the best ANFIS model to estimate the honey adulteration.

Training
Test
All data

No of
data
29
12
41

MSE

MAE

SSE

R2

0.0026
0.0046
0.0032

0.0290
0.0482
0.0346

0.0750
0.0550
0.1301

0.9793
0.9549
0.9726
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Figure 6. Correlation between actual data of honey adulteration (%) and predicted ones by ANFIS model.

The fitting graphs of actual and predicted
data for all data and test data are shown in
Figure 8. As is clear from the form and the
coefficient of determination, the ANN
model fitted better than the ANFIS model.
Also, the greatest advantage of this model
was the less error and the smaller difference
between the predicted value and the actual
value of the regression line.
The BP-ANN neural network model was
previously used for detecting adulteration by
combining d-fructose and d-glucose syrups
with an original mass ratio of honey at levels
of 5%, 10%, 15% and 20% to honey using
visible absorption spectroscopy and
ultraviolet light was combined with a
chemo-metrics. This study showed that UVVis absorption spectroscopy based on PCA
and BP-ANN could be used as a suitable,
fast, and accurate technique to identify valid
counterfeit honey (Ou et al., 2011). In the
past, back propagation neural network was
used to determine the level (1 to 25%, w/w)
of invert sugar cane sugar in honey by the
FT- IR ATR with a predictive success rate
of 93.55% (Irudayaraj, et al. 2003). To
identify the rice syrup fraud in honey, it was
found that BP-ANN was the most
appropriate model. This showed that the BPANN model could be fast, non-destructive,

and accurate in identifying adulteration of
honey (Chen, et al., 2014; Ouyang, 2013). In
another study, it was exhibited that use of
the hyper-spectral imaging and data mining
system based on the ANN classification had
the highest accuracy rating of 95% for
detecting honey adulteration (Shafiee, et al.
2016).
Modeling the Percentage of Honey
Adulteration Using RSM
The Design Expert software was used for
modeling the percentage of honey
adulteration by historical data design. The
best obtained model was fitted to a thirdorder polynomial equation (Cubic). The
functional parameters of this model are
presented in Table 5 and the regression
graph of test and all data are presented in
Figure 9. Comparison of ANN, ANFIS and
RSM models showed that in training, test,
and all data in RSM model the error
(difference between predictive values and
actual value) was highest (MSE= 0.0115)
and the determination coefficient of this
model was lowest (R2= 0.873). Therefore,
the efficiency and accuracy of the response
surface model to predict the honey
372
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Figure 7. Structure of ANN model to predict the percentage of honey adulteration.

Figure 8. Correlation between actual data of honey adulteration (%) and ANN model predicted ones.

Figure 9. Correlation between actual data of honey adulteration (%) and predicted ones by the RSM model.
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Table 3. Characteristics of the best ANN model to predict the percentage of honey adulteration.
Number of
input
3

General network
structure
3-4-1-1

Type of training
function
Levenberg-Marquardt

Transfer functions
Tansig - Tansig -Purelin

Table 4. Performance parameters of the best ANN model to predict adulteration of honey.

Training
Test
All data

No. of
data
29
12
41

MSE

MAE

SSE

R2

0.0024
0.0045
0.0030

0.0272
0.0388
0.0306

0.0703
0.0534
0.1237

0.9808
0.9489
0.9738
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Table 5. Performance parameters of the RSM model for estimating honey adulteration.
Training
Test
All data

No of data
29
12
41

MSE
0.0115
0.0224
0.0147

adulteration was less than the other models
used in this study.

SSE
0.3340
0.2683
0.6024

R2
0.8940
0.8835
0.8729

with the least residues in this model. Based on
the lower error value in prediction, the ANN
model had better performance than ANFIS
model with desirability of 0.948 and 0.824,
respectively.

Comparison Performance of ANFIS,
ANN and RSM Models

CONCLUSIONS

The multi statistical criteria were used in
order to evaluate the prediction ability of the
developed models in this study, including
ANFIS, ANN, and RSM. Comparison of some
of these criteria and the residual error are seen in
Figures 10 and 11. As can be seen clearly, in all
data sets, the RSM model has higher MSE and
deviation distribution than the other two models.
Therefore, it is safe to say that the RSM power of
predicting is less than the other two models. The
evaluation criteria of the two models of ANFIS
and ANN were very close to each other and
made it difficult to choose the best model
between them. Based on the desirability function
graph (Figure 12), considering simultaneously all
the errors and the coefficient of determination,
the ANN model was the best model with
desirability of 0.948. The least variation and
deviation from the horizontal axis (Figure 12) for
the ANN model is indicative of high desirability
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MAE
0.0824
0.1109
0.0907

This research proved the direct relation
between the degree of honey adulteration
and the average total amount of components
(pollen and other natural insoluble solids) on
the microscopic slide of honey deposition.
Honey adulterations will reduce the amount of
pollen and other solids in the honey
deposition. The results showed that the
microscopic image processing is able to
identify different types of honey fraud with the
least expertise and the simplest laboratory
tools in the shortest time and cost. In this
study, the determination coefficient of ANN
model was 0.974 while the ANFIS and RSM
models had values of 0.973 and 0.873,
respectively. Also, the lowest deviation of the
model output from the actual data (prediction

(a)

(b)

Figure 10. Performance parameters of the models for training, test, and all data to estimate the honey
adulteration: (a) R2, and (b) MSE values.
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Figure 11. Comparison of distribution of residual values by the ANFIS, ANN and RSM models estimating honey
adulteration.
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Figure 12. Desirability of all models for predicting honey adulteration.

error) was reported in the ANN model. The
evaluation criteria of ANFIS and ANN were
very close to each other and it was difficult to
choose the best model between them.
Therefore, by employing the desirability
function and considering all the errors and the
determination coefficient, the ANN model was
the best model. The desirability of ANN and
ANFIS model was 0.948 and 0.824,
respectively. The results of this study showed
that using new and simple tools and
technologies, it is possible to detect fraud in
honey with high accuracy and speed.
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مدل سازی تقلب در عسل بر اساس پردازش تصاویر میکروسکوپی به کمک روشهای
هوش مصنوعی
 جوادی کیا. و ح، ندرلو. ل، مصطفایی. م، پیر مرادی.م
چکیده
ّذف از ایي هغالعِ تعییي اصالت عسل تا پردازش تصاٍیر هیکرٍسکَپی ٍ تذست آٍردى الگَریتوی
-  فرٍکتَز ٍ هحلَل فرٍکتَز، در ایي هغالعِ از ساکارز.ترای عثقِتٌذی تقلةّای هختلف عسل است
5.2  سغح تقلة عسل تراساس درصذ ٍزًی. ترای ایجاد تقلة در عسل استفادُ ضذ9.0 گلَکس تا ًسثت
 ًوًَِ ّای. تا ّن زدى ایجاد ضذ099 ٍ 09 ، 09 ، 59 ، 09 ، 29 ، 09 ، 09 ، 59 ، 09 ، 5.2 ، 2 ،
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02 ٍ  فضای رًگی تک رًگ پردازش00  ّر تصَیر در.هختلف زیر هیکرٍسکَج تصَیرترداری ضذ
 تا استفادُ از تجسیِ ٍ تحلیل حساسیت سِ پاراهتر اصلی ٍ هَثر از فضاّای.پاراهتر از آى استخراج ضذ
 ضثکِ عصثی،رًگی هختلف ترای هذل سازی تقلة عسل تَسظ سیستن استٌثاط عصثی فازی تغثیقی
 ترای ارزیاتی عولکرد هذلّا از هعیارّای هختلفی هاًٌذ.هصٌَعی ٍ رٍش سغح پاسخ اًتخاب ضذ
ُ هجوَع تَاىّای دٍم تاقیواًذُّا ٍ هیاًگیي هغلق خغا استفاد، هیاًگیي هرتعات خغا، ضریة تثییي
 ًتایج ًطاى داد کِ ضریة تثییي ٍ هیاًگیي هرتعات خغا در هذل ضثکِ عصثی هصٌَعی تِ ترتیة.ضذ
 ٍ خغای پیص تیٌی کوتر9.000  ایي تْتریي هذل تا عولکرد هغلَب. تَدُ است9/9950 ٍ 9/050
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تَد .در ًْایت ،تا استفادُ از تاتع هغلَتیت ،تِ دلیل هقادیر خغای پیص تیٌی کوتر ٍ هغلَتیت ،9.000
هذل ضثکِ عصثی هصٌَعی تِ عٌَاى تْتریي هذل اًتخاب ضذ.
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