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A B S T R A C T

Illegal addition of syrup to honey products would refdeduce the natural nutritional value of honey. It is essential
to develop convenient and accurate analytical methods to rapidly monitor products quality. This study in-
vestigated the potential usability of combining mid infrared(MIR) and Raman for the quantification of HFGS
(high fructose syrup) in bass honey blends. Where in the partial least squares (PLS) model was established to
predict the concentration of the adulterant. Three data fusion strategies (low, mid and high-level) were applied
to take advantage of the synergistic effect of chemical information from MIR and Raman, and adopted three
high-level data fusion strategies to improve the prediction accuracy of the quantitative model. After data fusion,
the RMSEP of high-level (1–3) were better than MIR (1.93) and Raman (2.30). Besides, calibration coefficient of
determination (R2) and the RMSECV of high-level data fusion (1–3)also outperformed Raman (0.80, 3.38) and
MIR (0.95,1.63).Results showed that: (1) The chemical information obtained from MIR and Raman have com-
plementary advantages. (2) The three high-level fusion strategies can be used as a reliable tool for quantitative
analysis.

1. Introduction

Honey is the oldest natural sweetening agent and its consumption
has increased dramatically in the last two decades because of its high
nutritional value and healing properties [1]. Honey is rich in nutritious
compounds that are essential for the human body, including sugars,
macro and micro elements, and biologically active substances [2]. Su-
gars and water are the key chemical constituents of honey (80 % car-
bohydrates, 17 % water), whereas proteins, flavors, aromas, pigments,
vitamins, free amino acids, trace minerals and various volatile com-
pounds are the minor components [3]. The minor components in nat-
ural honey are phenolic compounds, minerals, proteins, organic acids
(e.g. gluconic acid, aceticacid), free amino acids, enzymes (invertase,
glucose oxidase,catalase, phosphatases) and vitamins (e.g. ascorbic
acid, niacin,pyridoxine) [2]. Honey contains some components of bee
origin (e.g. acetylcholine (up to 5.1 mg/g) and its precursor, choline).
Flavonoids, anthocyanins, essential oils, pigments, sterols and phos-
pholipids are also present [4]. An increase in the demand for honey has
resulted in adulteration by different sugar syrups. Honey adulteration
occurs by direct addition of sucrose syrups that are produced from
sugar beet, high-fructose corn syrup (HFCS), maltose syrup or by
adding industrial sugar (glucose and fructose) syrups obtained from

starch by heat, enzyme or acid treatment, or by feeding the bee colonies
excessively with these syrups during the main nectar period [5]. Au-
thentication is therefore important for consumer confidence.The Eur-
opean Commission Council Directive have stressed that honey should
be free from any food ingredient, including food additives, or any other
additions when marketed as honey or used in any product intended for
human consumption.

There have been many methods for detection of different syrup-
based adulterants in honey. The analytical techniques that are com-
monly used are high-performance thin-layer chromatography (HPTLC)
[6], high-performance anion-exchange chromatography (HPAEC), gas
chromatography (GC), and high-performance liquid chromatography
(HPLC) coupled to diverse detectors [7,8]. While, another techniques,
such as infrared spectroscopy (IR), nuclear magnetic resonance (NMR)
[9], and Raman spectroscopy, also have advantages in sample pre-
processing orinsaving measurement time. Mauricio Retamal et al. used
the FTIR spectrum to discriminate floral origin and to predict their
antioxidant capacity, the results found that the FTIR spectra were able
to predict phenolic and flavonoid content, and FTIR as spectroscopic
tools can be quality control in Chilean beehive industry. Luiza Mariano
Leme et al. have done the work that relate NIR vibration bands to
physicochemical(PC) parameters in order to discriminate honey
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samples, and concluded that the PC parameters can be replaced by NIR
spectroscopy in the discrimination of honey samples, NIR can improved
the detection speed, and reduced reagent [10]. Abdul-Rahman A.
Roshan et al. combined the physicochemical characters and chemo-
metrics established method of honey quality, result found that PLS-DA
presented excellent potential for discriminating the botanical origin of
Yemeni Sidr honey from other non-Sidr samples and may serve as a
discriminant model to be applied to other honey types worldwide [11].
Mishra et al. detected honey adulteranted with jaggery by NIR spec-
troscopy. The PLS model yielded a R2 between 0.70 and 0.75 [12].
Chen et al.applied discriminant partial least squares (DPLS) to dis-
criminate the adulterated honey with high fructose corn syrup, the
correct classification rate were above 90 % [13]. Gallardo-Velazquez
et al. found that data from FTIR spectroscopy using attenuated total
reflectance(ATR) could quantify corn syrup, HFCS, and inverted sugar
in Mexican honey when optimal calibrations were performed with PLS
[14]. Li et al. used Raman spectroscopy to detect adulterants such as
high fructose syrup (HFGS) and maltose syrup (MS) in honey using
partial least squares-linear discriminant analysis (PLS-LDA) [15]. MIR
methods have been used for testing adulterants in various food products
[16], such as apple in strawberry and raspberry purees, cheaper sugars,
corn syrup in honey, sunflower oil in olive oils, and citric and tartaric
acids in orange juice. Since Fourier transform infrared spectroscopy is
an optical sensing technique, characteristic absorbance in the mid-in-
frared (MIR) region is based on the fundamental vibrational modes of
the corresponding chemical groups in food compounds. MIR spectra
result from the stretching, bending, and rotational vibrations of the
sample molecules. For MIR spectra, the overlap is weaken in the nar-
rower bands as‘fingerprint’ region, so simple mathematical treatments
[17,18], such as Beer-Lambert law calibrations of peak heights (ab-
sorbance), or areas plotted directly against concentrations, can be
realized. However, adulterated honey is a highly complex system and
the spectra of each individual components are relatively similar. To
analyze spectral data, one or several multivariate methods, such as
partial least squares (PLS) and principal component regression (PCR),
have been used to develop predictive models, allowing multicomponent
quantitative analysis of mixtures. Earlier studies have shown that se-
lection of the spectral wave number region between 700 and 1530
cm−1 for PCR and PLS enabled development of calibration models that
successfully predicted the sugar contents in complex mixtures and
commercial beverages.

Raman spectroscopy has found increasing use for the quality control
of food products, and among which the Fourier transform (FT) Raman is
one of the most widely used analytical techniques [19]. Raman methods
have been successfully used for quantification of virgin oil adulteration,
honey, etc [20] due to its narrow and sharply resolved bands. Sorina
Ropciuc et al. used Raman spectroscopy to detect honey adulterated
with fructose (F), glucose (G), inverted sugar (IS), hydrolyzed inulin
syrup (IN), and malt must (M). The determination of the adulterant
agent concentration has been made using partial least squares regres-
sion (PLSR) and principal component regression (PCR) methods. The
proposed method can be considered easy and rapid for honey adul-
teration detection to provide continuous in-line information [21].

Raman spectroscopy utilises the inelastic scattering of light, the
change in energy of the scattered photon is associated with a vibra-
tional transition in the molecule. Raman spectroscopy has advantages
over other spectroscopic techniques because there is no interference
from water present in the sample, sampling and measurement is easy,
and there is minimal fluorescence interference of the sample matrix
when using NIR lasers as the light source. Raman spectroscopy has been
used to study glucose, fructose, sucrose and maltose concentrations in
honey samples. In honey adulteration, sugars of different origins will
differ in their stable carbon isotope ratio as well as in the deuterium to
hydrogen ratio. FT-Raman and FT-MIR vibrational spectroscopy have
also been demonstrated to be complementary and their approaches are
nondestructive, fast and simple.

Data fusion strategies are now widely used in various areas such as
sensor networks [22], robotics, intelligent system design [23] and food
analysis [24,25], etc. Lately, data fusion strategy is increasingly used in
the fields of herbal medicine and food quality assessment, such as food
adulteration [26,27]. It can be used to combine the outputs and com-
plementary information provided by different instruments to generate
better inferences than that from a single technique. Basically, it can be
executed at three levels: low-level, mid-level and high-level [28]. As a
case study, A. Dankowska et al. applied fluorescence, UV–vis spectro-
scopies as well as the low- and mid-level data fusion of both spectro-
scopies for the quantification of concentrations of roasted Coffea ara-
bica and Coffea canephora var. robusta in coffee blends [29]. Sun et al.
fused the data obtained from MIR and NIR spectroscopies at low level
and mid-level to distinguish official rhubarbs and unofficial rhubarbs.
Márquez et al.used high and mid-levels strategies combined with a
multivariate classification approach to identify the adulteration of ha-
zelnut paste with almond [30]. These cases showed the same result that
all the data fusion strategies can effectively improve the performance
compared with individual technique and few researchers used high-
level data fusion to improve the prediction accuracy of models. In this
study, three data fusion strategies was combined with the chemometrics
methods to quantify the honey adulteration. We also found that high-
level fusion model had strong stability and fault-tolerance ability which
can be used as a reliable tool for quantitative analysis.

The aim of our study was, on the one hand, to investigate the
spectroscopic techniques combined with chemometrics methods of
quantitative analysis of the honey adulteration, and on the other hand,
to evaluate the three data fusion methods. We implemented high-level
data fusion, which communication bandwidth savings and improved
decision accuracy [31].

2. Material and methods

2.1. Sample preparation

Two different brands of HFGS were bought from local supermarkets.
The bass honey were provided by Institute of Bees, Chinese Academy of
Agricultural Sciences. The authenticity of the samples were approved
and authorized by the local governmental food regulatory agencies. The
final HFGS samples were a mixture of random volumes of the two
different brands of HFGS. The final bass honey samples was a mixture of
random volumes of the two different brands of honey. We prepared four
groups of HFGS samples and four groups of the bass honey samples.
When we made up the adulterated samples, the adulteration were taken
from the four groups of the HFGS samples at random, the bass honey
were taken from the four groups of the bass honey samples. The amount
of HFGS as the adulterate in adulteration samples ranged from
0.35–30% (w/w). (Table 1). One sample was configured for each pro-
portion.

3. Instrumentation

3.1. MIR

MIR spectra were acquired using a PerkinElmer, Spectrum 100 MIR
spectrometer (Perkinelmer business management, Shanghai, China)
equipped with a DTG detector and flat zinc selenide single reflectance
crystal using blunt thin glass rod. Each spectrum was recorded in the
region of 4000 cm−1–550 cm−1 by an average of 64 scans at a re-
solution of 8 cm−1. The experimental temperature during the whole
experiment was maintained at room temperature. Each sample was
recorded three times and the corresponding average spectra were cal-
culated and saved for the following uses. Between samples, the crystal
was cleaned with dichloromethane, alcohol, distilled water and then
purged by air to dryness. The background was collected before every
sample was measured. Software used for spectral collected is

Y. Li, et al. Vibrational Spectroscopy 108 (2020) 103060

2



PerkinElmer Spectrum 10.

3.2. Raman

Raman spectra were acquired using a performance portable Raman
spectrometer (Pidatek Company, USA), the Raman spectroscopy with a
785 nm laster source, and a TEC-CCD (thermoelectric cooled charge-
coupled device) detector was used which has high stability and low
black noise. Each spectrum was recorded in the region of 2500cm−1–95
cm-1 at a resolution of 9.5 cm-1. The portable glass bottle is placed in the
sample pool, similar to the sample injection glass bottle. We install the
honey sample in the glass bottle, each sample was recorded three times
and the corresponding average spectra were calculated and used for
data treatment. Between samples, the glass bottle was cleaned with
dichloromethane, ethanol, distilled water and then purged with air to
dryness. The background was collected before every sample was mea-
sured. We used the BWSpec software to scanning samples. MIR and
Raman spectrum as shown in Fig. 2.

3.3. Software

The Unscrambler (version 9.7 CAMO Software AS, Camo Analytics,
Norwegian, Kongeriket Norge) was used for data pretreatment. The
Matlab (version R2014a, The MathWorks, USA) used for data proces-
sing.

3.4. Chemometrics methods

Quantification of HFGS adulteration levels was calculated by PLS
regression analysis in the Matlab. For chemometric evaluation,the
samples of all the adulteration honeys were divided into a calibration
and a validation set, the ratio of the calibration set to the validation set
is 2:1, the validation set samples information is marked in black, as
shown in Table 1. To enable comparision of the spectral techniques and
data fusion strategy the same sets of samples were used. The division
into sets was done in order to obtain similar mean values and standard
deviations so that both sets spanned the full range of HFGS contents
(Table 2). The MIR and Raman spectrum of HFGS and pure bass honey

as shown in Fig. 3. The MIR spectrum of HFGS and pure bass honey has
very small difference, but the Raman spectrum are obvious. This is due
to the emissive nature of some molecules within the honey samples.

Several spectral pretreatments including Standard normal variate
(SNV), Savitzky-Golay(SG) smoothing(9) and Vector normalization
were investigated for optimization of the calibration model. Savitzky-
Golay(SG) smoothing is able to attenuate noise signals and preserve the
shape, height, width, and valuable features of the chemical analytical
signals. SNV has commonly been used to remove the multiplicative
interferences of scattering and particle size in the spectral signal ori-
ginal IR spectra.Normalization handles the data mapping to the range
of 0–1, the step makes the modeling process more conveniently and
quickly.

The optimum number of PLS factors was determined by five-fold
cross validation employing cancellation one standard at a time by
plotting the number of factors against the root mean square error of
cross validation (RMSECV) and determining the minimum. The relative
performance of the established model was accessed by the required
number of factors, the root mean square error of calibration (RMSEC)
and the RMSECV, and its predictive ability was evaluated from the root
mean square error of prediction (RMSEP).

The scheme of data fusion in this experiment is shown in Fig. 1. In
low-level fusion, raw data from all sources are straight-forwardly con-
catenated and then processed as a particular fingerprint of the samples.
MIR and Raman data were simply concatenated and the same pre-
processing previously mentioned was used for each data set. The data of
MIR and Raman are preprocessed separately before connection, and the
two matrices of MIR and Raman have the same scale (Fig. 4).

In mid-level fusion, the raw data from each instrument are

Table 1
Percentage composition(% w/w) of HFGS.

Sample number Mass
(Fructose syrup)

Mass
(Honey)

Ratio(%) Sample number Mass
(Fructose syrup)

Mass
(Honey)

Ratio(%)

1 0.035 9.965 0.35 26 0.65 9.35 6.5
2 0.05 9.95 0.5 27 0.675 9.325 6.75
3 0.075 9.925 0.75 28 0.7 9.3 7
4 0.1 9.9 1 29 0.725 9.275 7.25
5 0.125 9.875 1.25 30 0.75 9.25 7.5
6 0.15 9.85 1.5 31 0.775 9.225 7.75
7 0.175 9.825 1.75 32 0.8 9.2 8
8 0.2 9.8 2 33 0.825 9.175 8.25
9 0.225 9.775 2.25 34 0.85 9.15 8.5
10 0.25 9.75 2.5 35 0.875 9.125 8.75
11 0.275 9.725 2.75 36 0.9 9.1 9
12 0.3 9.7 3 37 0.925 9.075 9.25
13 0.325 9.675 3.25 38 0.95 9.05 9.5
14 0.35 9.65 3.5 39 0.975 9.025 9.75
15 0.375 9.625 3.75 40 1 9 10
16 0.4 9.6 4 41 1.2 8.8 12
17 0.425 9.575 4.25 42 1.4 8.6 14
18 0.45 9.55 4.5 43 1.6 8.4 16
19 0.475 9.525 4.75 44 1.8 8.2 18
20 0.5 9.5 5 45 2 8 20
21 0.525 9.475 5.25 46 2.2 7.8 22
22 0.55 9.45 5.5 47 2.4 7.6 24
23 0.575 9.425 5.75 48 2.6 7.4 26
24 0.6 9.4 6 49 2.8 7.2 28
25 0.625 9.375 6.25 50 3 7 30

Table 2
Characteristics of calibration and validation sets for HFGS content in bass
honey.

Samples HFGS content(%) Mean stdeva

Calibration set 34 0.35%-30 % 8.437 7.728
Validation set 16 0.75%-26 % 8.016 6.854

aStandard deviation.
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separately extracted by several kinds of variable selection algorithm,
then aligned and concatenated into a single matrix that is used for
multivariate analysis. We used iPLS for variable selection of the full
spectrum data of MIR and Raman with the same pretreatment, the mid-
level PLS model was established by fusing the spectral points selected
by iPLS. The variables selected by iPLS are shown in Fig. 5.

In high-level fusion, the fusion occurs at the decision level. Each
source datum is calculated by a separate multivariate analysis model,
and the results of each individual model are integrated to obtain an
“ensemble decision”. We adopted three high-level data fusion strategies
：(a) the first high-level data fusion used binary linear regression (high-
level data fusion 1); (b) the second high-level data fusion used entropy
weight method (high-level data fusion 2); (c) the third high-level data
fusion used trend line slope weight method (high-level data fusion
3).The formula of binary linear regression model is formula (1)-(3) as
follows, the least square method is used for parameter estimation, the
formula of entropy weight method is formula (4)-(9) as follows; The
formula of trend line slope weight method is formula (10)-(17) as fol-
lows:

yi,actual value of calibration = b0+b1xMIR,predicted of calibration+b2xRaman,predicted

of calibration (1)

yi,high-level data fusion predicted value of calibtation = b0+b1xMIR,predicted value of ca-

libration+b2xRaman,predicted of value of calibration (2)

yi,high-level data fusion predicted value of validation = b0+b1xMIR,predicted of validation

+b2xRaman,predicted of validation (3)

yi,actual is the true value of calibration set;
yi,high-level data fusion predicted value of validation is the high-level data fusion

prediction value;
XMIR, predicted of calibration is the prediction value of MIR calibration set

from 5 fold cross validation;
xRaman, predicted of calibration is the prediction value of Raman calibration

set from 5 fold cross validation;
xMIR, predicted of validation is the prediction value of MIR validation set;
xRaman, predicted of validation is the prediction value of Raman validation

set;
b1 is the weight of MIR;

b2 is the weight of Raman;
b0 is the intercept of binary linear regression [[32]];
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yi actual, is the true value of calibration set;
yi predicted, is the prediction value of MIR or Raman calibration set

from 5 fold cross validation;
n is the number of calibration set;
WMIR is the weight of MIR;
WRaman is the weight of Raman;
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Fig. 1. Scheme of the data fusion process: (a) low-level data fusion; (b) mid-level data fusion; (c) high-level data fusion.
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Fig. 2. Spectra of bass honey mixed with HFGS. (a) MIR, (b) Raman.

Fig. 3. Spectra of bass honey (red line) and HFGS (HFGS). A MIR spectra with absorbance value at 10,000-4000 cm−1, B Raman spectra with absorbance value at
4000-150 cm−1.

Fig. 4. PLS loading 1,2,3 for MIR (Baseline+ SG smoothing) and Raman
(Baseline + SNV).
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K1 is the slope of trend line of actual value of calibration and the MIR
predicted of calibration;

K2 is the slope of trend line of actual value of calibration and the
Raman predicted of calibration;

WMIR is the weight of MIR;
WRaman is the weight of Raman;
We got the weight of MIR and Raman by formula then used them to

calculated the fusion predicted based on the value of validation set from
MIR, Raman. The high-level RMSEP and the high-level R2 of validation
was calculated. The calculation method of the high-level RMSEC and
the high-level R2 of calibration are the same as above. The PLS re-
gression model results of MIR, Raman and three data fusion strategies
are shown in Figs. 6 and 7 , Tables 3 and 4. The Table 4 showed the
summary results under all pretreatment methods, but in the discussion
and comparison section, we only choose the optimal pretreatment
technique of single method and data fusion strategies, therefore, the
interference of pretreatment to data results is eliminated, the optimal
results of each method are marked with gray. The high level data fusion
is based on the optimal results of the individual instrument model.

4. Results and discussion

4.1. Spectra features of MIR

The typical MIR spectra of pure honey and HFGS are shown in
Fig. 3A. Absorption maxima are clearly observed at 3285, 2930, 1642,
1370–1420, 1200–1350 1025 cm−1. Bands around 3285 cm−1 arise
from the OHe stretching vibrations of water, absorption peak at 2930
cm−1 is the CHe stretching vibrations from cellulose and lipids. The
peak at 1642 cm-1 is C]O stretching vibrations, bands around 1370-
1420 cm−1 is CHe deformation vibrations of lipids and cellulose, the
peaks arise at 1200−1350 cm−1 is NH deformation and CNee

stretching vibrations. The peak at 1025 cm−1 is CO and CCee

stretching vibrations. With the increase of the HFGS concentration, the
absorption values of the 3285 cm−1 peaks are increased, because HFGS
contains high moisture [33].

Fig. 5. iPLS selected MIR and Raman spectral variables a MIR(Baseline), b Raman(Baseline).
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4.2. Spectra features of Raman

The typical Raman spectra of pure honey and HFGS are shown in
Fig. 3B appear similar to the naked eye, due to their similar chemical
composition. The assignments of prominent peaks include: CH
stretching vibration at 2791 cm−1. The CO absorption and CNee group
absorption from protein and amino acid at 1130 cm−1. The absorption
of CH, COeeH from carbohydrate, CeN protein and amino acid at
1040 cm−1. The peaks at 918, 868 cm−1 is COCee vibrations, The
peaks at 796, 743, 702, 663 cm−1 is NH2 rocking vibrations. The peaks
at 702,571 cm−1 is NO2 deformation vibrations. With the increase of

the HFGS concentration, the absorption values of the 2791 cm−1

Raman shift are increased, because the water content or glassy state of
the sugars are affecting the intensity and sharpness of the CH stretching
region, the absorption values of the 1130 cm−1 Raman shift are re-
duced, because the content of protein and amino acid in the adultera-
tion samples on the decrease [34,35].

4.3. MIR, Raman and three data fusion strategies

Quantification of the HFGS contents in the adulterated honey
samples was performed using PLS algorithm. Prediction models of the

Fig. 6. PLS regression of predicted vs actual HFGS content (a)MIR(Baseline + SG smoothing(9) pretreatment), (b)Raman,(Baseline + SNV pretreatment), (c)low-
level data fusion, [NIR(Baseline)+ MIR (Baseline], (d)mid-level data fusion [MIRiPLS(Baseline + SNV) +Raman iPLS(Baseline + SNV)], (e) high-level data fusion
model predictive results [MIR(Baseline + SG smoothing(9))+Raman (Baseline + SNV)].
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Fig. 7. Residual graph for validation data set. a MIR, b Raman, and c low-level, d mid-level, e high-level 1, f high-level 2, g high-level 3.

Y. Li, et al. Vibrational Spectroscopy 108 (2020) 103060

8



percentage of HFGS added to honey from MIR spectra (Fig. 6a), Raman
spectra (Fig. 6b), low-level data fusion (Fig. 6c), mid-level data fusion
(Fig. 6d) and high-level data fusion (Fig. 6e,f,g) were obtained. The
calibration models were developed from a set of 34 samples, or spectra,
with 0.35–30% of addition HFGS added to bass honey, and the other 16
samples were used to perform the validation of the model.

The results of the true values of addition of HFGS to honey, the
values provided by the respective calibration curves are shown in
Table 3. The determination coefficients R2 obtained for the MIR, Raman
and three data fusion strategies coupled to PLS multivariate models can
be used as alternative methods because they distinguish a wide range of
frauds and mixtures based on the prediction of the percentage of added
HFGS in honey.

The R2 coefficients were achieved from Fig. 6. The same set of
samples for calibration and validation was used in the data fusion
strategies. All sets of samples showed determination coefficients R2

greater than 0.7 for both the calibration and validation data sets.
However, the use of R2to evaluate if the fit model is satisfactory may
not be the most appropriate. There are other parameters that could be
investigated. The coefficients RMSEP (root mean squared error of pre-
diction),and RMSEcv (root mean square error cross validation) give

information about the global error of the calibration and validation
models.

Table 3 shows that the data used to obtain the relationship between
true values and predicted values by the PLS model for the validation set.
The first column exhibits the values of HFGS addition in honey used for
the validation set data, while the remaining columns indicate the pre-
dicted values form the PLS models for the MIR, Raman, low-level and
high-level data fusion. Table 3 also reveals that the prediction model for
mid-level data fusion is most distant from expected values when com-
pared with the results obtained by low-level, mid-level and high-level
data fusion. The PLS results of MIR, Raman, variable selection (iPLS) of
MIR, Raman and the three data fusion strategies are summarized in the
Table 4. The low-level data fusion retained all spectral information,
there are too much useless information, so the results of low-level data
fusion were worse than the MIR and Raman. iPLS extracted the char-
acteristic variables of MIR and Raman, which reduced the number of
variables, but lost some useful information, so the PLS model did not
improve the results. Thus affected the mid-level data fusion results, and
indicated that the results of mid-level data fusion are closely related to
the method of feature extraction. The high-level data fusion is estab-
lished on the basic of the full spectrum, this is because the results from

Table 3
Predicted values for validation data set by PLS regression (All values represent a content of addiction of in HFGS adulteration honey).

Validation set MIR
(Baseline+
SG smoothing)

Raman
(Baseline+
SNV)

Low-level
(Baseline)

Mid-level
(Baseline+
ipls)

High-level1 High-level2 High-level3

0.75 −0.33 1.78 5.09 −2.47 0.73 0.73 0.77
1.50 0.94 3.37 1.92 −0.01 2.16 2.16 2.22
2.25 3.13 5.98 5.63 −1.22 4.55 4.55 4.62
3.00 3.40 −2.38 1.43 3.64 0.51 0.51 0.37
3.75 4.44 5.20 4.79 5.53 4.82 4.82 4.84
4.50 5.11 6.09 5.93 5.44 5.60 5.60 5.62
5.25 5.40 5.45 6.20 −0.06 5.43 5.43 5.43
6.00 5.30 5.10 5.79 5.54 5.20 5.20 5.20
6.75 7.58 5.97 5.75 4.65 6.77 6.77 6.73
7.50 9.32 5.29 5.11 6.81 7.30 7.30 7.21
8.25 13.15 6.24 5.70 9.92 9.69 9.69 9.53
9.00 10.21 10.18 10.46 16.60 10.20 10.20 10.19
9.75 10.38 10.97 10.68 9.74 10.67 10.67 10.69
14.00 13.71 16.13 17.22 16.27 14.92 14.92 14.97
20.00 17.51 17.17 18.26 16.59 17.34 17.34 17.33
26.00 21.54 23.38 24.12 19.50 22.46 22.46 22.50

Table 4
Evaluation parameters of different modeling on individual data blocks and fused datasets.

Methods Pretreatments Calibration Validation PCs Variable
number

R2(CV) RMSECV R2 RMSEP

MIR Baseline 0.955 1.612 0.918 1.906 10 6950
Baseline + SG smoothing(9) 0.954 1.632 0.915 1.933 10
Baseline + Normalization 0.930 2.018 0.929 1.773 10
Baseline + SNV 0.888 2.552 0.447 4.933 4

Raman Baseline 0.783 3.545 0.901 2.092 8 2000
Baseline + SG smoothing(9) 0.793 3.461 0.865 2.435 8
Baseline + Normalization 0.803 3.378 0.866 2.428 7
Baseline + SNV 0.803 3.383 0.880 2.301 8

Low-level
Data Fusion

Both [Baseline] 0.783 3.545 0.901 2.092 8 8950
Both [Baseline + SG smoothing(9)] 0.793 3.461 0.865 2.435 8
Both[Baseline + Normalization] 0.948 1.736 0.833 2.713 5
Both[Baseline + SNV] 0.933 1.978 0.762 3.240 5

Mid-level
Data
Fusion
(iPLS)

Both [Baseline] 0.832 3.116 0.742 3.374 9 222
Both [Baseline + SG smoothing(9)] 0.833 3.021 0.687 3.578 8
Both[Baseline + Normalization] 0.733 3.041 0.687 3.414 8
Both[Baseline + SNV] 0.833 3.031 0.700 3.178 9

High-level 1 [Baseline + SG smoothing(9)]+[Baseline + SNV] 0.979 0.600 0.937 1.398
High-level 2 Baseline + SG smoothing(9)]+[Baseline + SNV] 0.961 1.129 0.943 1.244
High-level

3
Baseline + SG smoothing(9)]+[Baseline + SNV] 0.957 1.237 0.943 1.265
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the full spectrum are better than the variable selection. The magnitude
of this dispersion can be better visualized by the residues graph shown
in Fig. 7. The residual graph (Fig. 7) presents the difference between the
true values and the values obtained from the prediction model. As can
beseen, the seven residual plots show a random distribution of data,
without a tendency to increase or decrease the predicted values as a
function of concentration, indicating a synchronous distribution of
data. However,a greater dispersion of data for the mid-level data fusion
is identified.This greater dispersion is in accordance with the values of
RMSEP and RMSEcv (shown in Table4).

Finally, the values obtained from the PLS prediction models for MIR,
Raman, low-level data fusion, mid-level data fusion, high-level data
fusion 1–3 were evaluated with t-test, together with the true values; the
p-value obtained was 0.945 (MIR), 0.950 (Raman), 0.877 (low-level),
0.765 (mid-level), 0.998 (high-level 1), 0.998 (high-level 2) and 0.999
(high-level 3). As a result, no differences were found between the true
values and those obtained by PLS, in 95 % level of confidence, in-
dicating that the approaches can be used for the prediction of adul-
teration and mixtures of HFGS in honey, even if mid-level data fusion
have presented a greater dispersion, as mentioned earlier. The three
high-level data fusion methods both improved the predicted accuracy
and enhanced the stability of the model, which could be used for
quantitative analysis. Based on the residual graph Fig. 7e,f,g, the high-
level method 3 showed the strongest predictive ability.

5. Conclusions

The above work totally compared three data fusion strategies in the
quantification of adulterated honey.Results showed that all three data
fusion strategies could be used for the prediction of adulteration and
mixtures of HFGS in honey. The RMSEP of high-level(1–3) data fusion
was better than low-level(2.09) and mid-level (3.37) data
fusion.Coefficient of determination of high-level data fusion (1–3)ex-
ceeded the mid-level (0.74) and low-level (0.90) data fusion in-
dividually. All three data fusion strategies can identify the honey
adulteration with HFGS: Low-level data fusion contained all spectral
information from MIR and Raman and could improve model prediction
accuracy. In mid-level data fusion, we selected iPLS method for ex-
tracting variables. It helped reduce the number of variables, but did not
improve the results much.Thus, it was indicated that mid-level data
fusion can be influenced by the variable extraction patterns, and there
is another important reason, the Raman spectral regions 1800−2500
cm−1 which contain noise, and these data do not contribute to the
models, therefore, the performance of the models were affected. The
high-level data fusion involved the entropy weight method to calculate
the predicted values from the MIR, Raman calibration sets.The spectral
weights of the two spectroscopies were used to calculate the high-level
fusion predicted values of the validation set. It was revealed that high-
level data fusion improved the R2 and reduced the RMSE values, which
would make it a feasible tool for adulteration analysis, and high-level
method 3 have the strongest predictive ability of all decision method.
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