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Abstract: In this article a case study of characterisation of type of honey based on floral origin
is presented. It is intended to discriminate Iberian honeys from local beekeepers located in the
Community of Madrid (Spain), by means of a low-cost electronic nose prototype, composed of a
matrix of nonspecific resistive sensors of MQ-type metal oxides. The measurements of the honeys
made with an electronic nose prototype were contrasted with physicochemical analyzes and pollen
content. The experiment was carried out in two trials. A first preliminary study in which six samples
of honey from different sources were used (three Blueweed, one rapeseed, one lavender and one
commercial honey) and in which eight repetitions were made for each of the six samples analyzed.
Due to the small sample size, conclusive results were not obtained, although the sensors did show
a clear response in those that presented a higher pollen content, above 57%, however, the honey
samples that reflected pollen values lower than 50% they showed no perceptible reaction on the
sensors. In the second study, in which the sample size was increased to a total of 16 samples (four
lavender honeys, four oak honeys, four rosemary honeys, and four chestnut honeys), a total of
10 repetitions per sample were carried out with a total of repetitions out of 160. These last data were
analyzed with the principal component technique (PCA), the results of which were inconclusive.
However, when applying the data analysis through the use of Support Vector Machines (SVM), it is
possible to obtain a model with 87.5% accuracy in the classification. In this case, the Lavender and
Chestnut honeys were the ones that achieved a precision of 90% and 100% respectively.

Keywords: honey; botanical origin; volatile organic compounds; electronic nose; metal oxide sensors

1. Introduction

The guidelines governing the European honey industry allow, among other things, for
honey to be marked based on its botanical and regional source. At the moment, there’s no
mandate in the law that requires floral designation for honey. This absence of clarity in the
rules has resulted in honey being deemed as monofloral if a specific pollen type exceeds
45% representation [1].

Currently, several methods are used to verify the authenticity of monofloral honey,
one of them being melissopalynology, a fundamental tool in the verification process but
which implies a high cost both in analysis time and cost. The method for analyzing honey’s
pollen involves two steps: recognizing the pollen grains present and tallying them. The
identification can only be done by comparing the morphology and dimensions of the
observed pollen grains with those known grains that constitute the reference [2].

Using data from melissopalynological studies, we can categorize or create subcat-
egories within comparable production entities. Principal component analysis facilitates
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the reduction of the dimension of the data set, by transforming it into a new uncorrelated
set [3].

Alternatively, another common method for distinguishing honey, often cited in re-
search, is by analyzing prevalent physicochemical attributes such as moisture, electrical
conductivity, free acidity, carbohydrates, HMF, color, optical rotation, and pH. Tools like
principal component analysis (PCA), linear discriminant analysis (LDA), and stepwise
discriminant analysis (SDA) are employed for its categorization. These tools assess data
trends and uncover the links between the physicochemical attributes and honey’s botanical
source [4] Recently, methods to analyze honey’s volatile components have emerged, aiding
in the detection of chemical markers within honeys, facilitating the distinct identification of
monofloral varieties. Among these methodologies, one of the most promising is the analysis
of the volatile fraction of honeys by means of SPME-GC-MS (Solid Phase Microextraction—
Gas Chromatography-Mass Spectrometry), since the compounds in this fraction are closely
related to the organoleptic perception that the consumer receives from them. [5]

Honey, as such, contains small amounts of organic acids, amino acids, minerals, vita-
mins, phenolic compounds, and volatile compounds, mainly carboxylic acids, aldehydes,
alcohols, and terpenes [6,7].

The volatile organic elements in honey can be categorized into distinct chemical
classes, acting as a unique signature for each honey type [8]. Several researchers have
directly linked the impact of plant species and the flora accessed by foraging bees to both
the physicochemical and organoleptic traits of honey [9]. Additionally, the climate and
soil conditions of the collection area, as well as the beekeeper’s extraction and storage
techniques, also play a significant role [10].

More than 300 volatile compounds belonging to different chemical families have been
isolated: esters of aliphatic and aromatic acids, aldehydes, ketones and alcohols [11]. All of
them contribute to the aroma and flavor of honey, along with sugars and acids [4] There are
volatile compounds characteristic of certain honeys such as methylanthranilate for citrus
honeys [12] and lavender and thyme [13].

The limitation for a low-cost electronic nose project is determined by the commercial
availability of gas sensors. The parameters of the electrical circuit are based in the recom-
mendations of the manufacturers in order to obtain a standard approach. For example,
the voltage of the sensor heater is determining the temperature of the sensor. Moreover,
another aspect of the enoses is the use of metal oxide gas sensors (MQ). The use of these
sensors for quick classification has been extended in this type of devices [14].

The analysis for the differentiation of honeys based in VOCs based on the combination
of statistical methods through principal component analysis and linear discriminant has
been obtaining good results [6].

Common multivariate statistical methods used to identify the botanical or geographi-
cal roots of honey focus on its physicochemical, antioxidant properties, or chemical makeup.
These methods include principal component analysis (PCA), linear discriminant analysis
(LDA), cluster analysis (CA), and artificial neural networks (ANN). The origin determina-
tions center around the honeys’ physicochemical and antioxidant characteristics or their
chemical structure [15].

Other honey characterization research often encompasses a variety of parameters,
including physicochemical, sensory, or both, and occasionally alongside the pollen spec-
trum. For classifying these parameters, techniques such as cluster analysis, PCA, and LDA
are typically employed. Additionally, the Attenuated Total Reflectance Fourier Transform
Infrared Spectroscopy (ATR-FTIR) of monofloral honeys, when processed through PCA
and later, using a machine learning algorithm like the support vector machine (SVM), has
demonstrated effectiveness in pinpointing honey’s origin [16].

An essential component in honey is pollen. Bee pollen is a mixture of pollen pellets
of different colors collected by Apis mellifera on flowers of various species, removed by
complex movements between the legs and the buccal appendages, compacted with nectar
on the corbicles of its hind legs, and transported to the hive [17].
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Numerous authors have described the chemical composition of pollen, in which the
components vary depending on environmental, botanical and processing factors. Carbo-
hydrates, proteins and essential amino acids, essential fatty acids, dietary fiber, vitamins
and trace minerals [18] as well as carotenoids, flavonoids and polyphenols [19] have been
described. More recent studies have highlighted the richness in phenolamides for bee
pollen of the Castanea species [20] and flavonoid glycosides detected in Echium plantagineum
bee pollen [21].

Aroma significantly influences the sensory characteristics of foods. Numerous studies
highlight the potential of the e-nose in the food sector, characterized as a fast tool with
a simple methodology [22] notably in distinguishing honey based on its geographical,
botanical [19], and physicochemical attributes [23].

Taking into account the previously mentioned chemical characteristics of both honey
and pollen, in this study an electronic nose prototype made up of eight MQ (resistive metal
oxide) sensors has been used to analyze and botanically characterize different types of
honey based on their chemical fingerprint. A PCA analysis was used to pool the honey
samples and a comparative study was carried out using basic physical-chemical analyzes
of honey as well as pollen analyzes in order to support the results of both electronic nose
prototypes. With the results obtained, the potential capacity of these devices to be able
to discriminate honey samples based on their botanical origin was supported in a similar
way to a melissopalynological study, reducing both the time and the cost of the analysis.
In addition to the PCA analysis, the Support Vector Machine (SVM) technique was used
to try to improve the analysis of the data obtained and relate the measurements of the
aforementioned device with the physicochemical and pollen analyses.

2. Materials and Methods
2.1. Used Honeys

The honey samples were provided by the Association of Beekeepers of the Community
of Madrid (Spain) and local beekeepers from the northern mountains of Madrid. For
analysis with the e-nose, samples were prepared in glass containers with 50 g of each type
of honey. The measurement with the device was carried out at room temperature, without
carrying out any type of manipulation or previous preparation of the sample.

Two experiments were carried out. A first preliminary study in which the capacity
and sensitivity of the electronic nose prototype (e-nose) to detect the different honeys was
assessed. Although it is not possible to observe any grouping based on the botanical origin
of the honeys, it is observed that the highest response values of the sensors coincided with
the honeys that presented the highest percentage of pollen, corresponding to samples 2
(Blueweed 74%), sample 3 (Blueweed 62%) and sample 4 (Rapeseed 57%) respectively, and
that this lack of grouping may be due to the low number of samples. It was considered that
increasing the number of samples would help to avoid this phenomenon. Maintaining this
assumption, a second, more exhaustive study was carried out, in which both the number of
samples and the number of experiments and repetitions were increased.

In the preliminary study, eight different honeys were used, obtained from different
batches and harvested in the year 2020. Pollen analyzes classified these samples as monoflo-
ral. On the other hand, the values obtained in the physical-chemical analysis can be seen in
Table 1; the values of humidity, electrical conductivity, the HMF and the pH are within the
values established in the current legislation [24].

Employing statistical approaches on physicochemical data has proven effective in iden-
tifying various honey types. Among the chemical indicators commonly used to determine
the floral source of honey samples are electrical conductivity, pH, and Hydroxymethylfur-
fural (HMF) [4].



Agronomy 2023, 13, 2183 4 of 17

Table 1. Physical, chemical and pollen analysis of the honey samples used in the first experiment.

Honey Reference BRIX Degrees
(%)

Humidity
(%) pH Mm Pfund Conductivity

(mS/cm)

Pollen from
Nectariferious

(%)
Color

Blueweed m1 82.3 14.8 4.05 37 0.27 50 Extra light amber
Blueweed m2 80.5 17 3.8 37.3 0.26 62 Extra light amber
Blueweed m3 80.5 17.4 4.47 43 0.3 74 Extra light amber

Rape m4 81.1 18 4.2 28 0.32 57 White
Lavender m5 82 15.1 3.6 40.3 0.16 50 Extra light amber

Forest m6 18 90 0.9

On the other hand, in the second study 16 honey samples were used, classified as
lavender, chestnut, oak and rosemary honey (see Table 2). In this case, different honeys had
to be used since it was not possible to obtain honeys with the same botanical origin as the
initial ones. These honeys were harvested in 2022.

Table 2. Physical, chemical and pollen analysis of the honey samples used in the second experiment.

Type Sample
Number

%
BRIX

% Hu-
midity pH Conductivity

Pfound
Value
(mm)

Color
Yeasts

Content
(10 g)

Description Grains Grains Nec-
tariferous

Grains
Pollineferous

Polien
Type

Nectariferious
(%)

Pollen
(%)

Lavender 2065 82 16 4.18 0.36 47 0 7783.88 Very low 687 400 287 119 29.70 17.30

Lavender 3002 83 15 4 0.41 59 1 12,838.12 Low 500 400 100 37 9.25 7.4

Lavender 3007 85 17 4.01 0.48 57 1 18,231.1 Low 540 446 94 16 3.59 2.96

Lavender 3011 82 16 3.98 0.45 63 1 12,838.12 Low 500 400 100 44 11 8.8

Chestnut 2026 79 16.5 4.82 1.16 145 2 51,625.46 Low 500 425 75 166 39.06 33.2

Chestnut 2075 81 16.5 4.66 0.97 115 2 11,707.04 Low 803 712 91 399 56.03 49.68

Chestnut 2094 82 16.5 4.74 1 116 2 85,465.32 Low 1313 1073 240 454 42.3 34.5

Chestnut 22,109 81.5 16 4.85 1.16 131 2 85,465.32 Low 1313 1073 240 620 57.78 47.22

Rosemary 2001 83 14 4.26 0.1 14 4 5558.96 Very low 570 400 170 78 19.5 13.68

Rosemary 2007 80 17 4.12 0.09 19 3 2963.47 Very low 1004 401 603 125 31.17 12.45

Rosemary 2030 81 16 3.98 0.2 33 3 34,118.37 Low 508 463 45 15 3.23 2.95

Rosemary 2152 81 16 4.03 0.23 52 1 4533.88 Very low 736 400 336 87 21.7 11.8

Oak 2027 83.5 14 5.07 1.23 119 2 - - - - - - - -

Oak 2042 83 15 4.87 1.16 104 5 - - - - - - - -

Oak 2071 79 18.5 5.02 1.17 102 5 - - - - - - - -

Oak 2078 83 14 4.26 1.21 107 5 - - - - - - - -

In the case of oak honey, which comes mostly from plant secretions or excretions from
hemiptera (plant-sucking insects), the pollen load is not considered [19]. This type of honey
has other characteristics in its composition that allow it to have other exceptions compared
to other honeys, such as sugar content or electrical conductivity. This circumstance will
also be reflected in the detection of pollen components by the sensors most related to
these substances.

2.2. Devide Used: E-Nose Prototype

For the analysis of the honey, a device composed of an array of eight MQ resistive
sensors (Table 3) (MQ2, MQ3, MQ4, MQ5, MQ7, MQ8, MQ9 and MQ135), Hanwei Elec-
tronics Co., Ltd.® (Zhengzhou, China), with an Arduino NANO® as acquisition equipment
and data processing have been used. MQ gas sensors are electrochemical sensors and their
resistance varies when exposed to certain gases. Its interior consists of a heater that is
responsible for increasing the internal temperature. Thanks to this, the sensor reacts with
the gases causing a change in the resistance value. The electrical parameters of the sensors
(sensitivity among others) can be seen in [25].
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Table 3. Used sensors in the used e-nose prototype and their sensibilities.

Nº Sensor Sensible to

1 MQ2 LPG (Liquefied Petroleum Gases), Hydrogen and Propane
2 MQ3 Alcohol
3 MQ4 Methane
4 MQ5 Hydrogen and LPG
5 MQ7 Hydrogen and carbon monoxide
6 MQ8 Hydrogen
7 MQ9 Carbon monoxide and liquefied petroleum gases (LPG)
8 MQ135 NH3 (ammonia), NOx, alcohol, benzene, smoke, CO2, etc.

These affordable commercial resistive sensors feature a sensitive layer composed of
a metal oxide, specifically tin dioxide (SnO2). When exposed to a gas, the metal oxide
facilitates the gas’s ionization, leading to electron movement and changes in the layer’s
conductivity. Since this mechanism is temperature-dependent, the sensor includes a heater
to sustain the desired operating temperature.

Each sensor is designed to detect a range of organic chemicals and gases (Table 3). All
of these sensors are sensitive to a wide variety of gases. A specific substance, in this case
honey, generates a specific signal. This signal depends on the specific number and quantity
of volatile organic compounds (VOCs) of each honey. Subsequently, each honey presents a
specific signal that can be distinguished among several honeys.

The chemical categories of the volatile substances found in honey encompass: hy-
drocarbons; aldehydes; alcohols; ketones; acids; esters; derivatives of benzene, furan,
and pyran; norisoprenoids; terpenes and their derivatives; along with sulfur and cyclic
compounds [26].

While the sensors don’t directly detect the mentioned volatile organic compounds
(VOCs) in honey, the goal of the experiments was to see if these VOCs might influence
the sensors, potentially providing a chemical signature to differentiate each honey variety
(Figure 1).
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Figure 1. Schematics of the detection procedure in the experiment. (a) General principles of an enose
compared with the olfactory process; (b) Main processes for classification of substances by enose
compared with the olfactory process; (c) Main processes for classification of honeys by enose in
the experiment.



Agronomy 2023, 13, 2183 6 of 17

Traditionally, honey quality attributes are assessed using standard analytical methods.
Numerous studies detail the evaluation of honey’s physicochemical properties, such as
moisture level, pH, ash content, invertase enzyme activity, electrical conductivity, acidity,
sugar breakdown (like sucrose, glucose, and fructose), color, and hydroxyl methyl furfural
(HMF) [27,28]. These are employed to distinguish between various honey types or to
detect adulteration. While the accuracy of these methods is established, they tend to be
costly, labor-intensive, and destructive, making them unsuitable for real-time sorting. For
industrial quality assurance, it’s essential for managers to adopt testing procedures that
can efficiently manage a high volume of samples at an affordable cost.

This equipment has been successfully tested in previous experiments [29–31] whose
results have shown potential as a complementary detection tool in the agri-food sector. The
main novelty of this device compared to previous versions is based on the improvement
of the electronic design compared to the prototypes used in previous experiments [29–31]
(Figure 2). In addition to this change in electronic design, new lower power consumption
regulators were included to prevent overcharging and overheating.
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Figure 2. Flux diagram design of used electronic nose prototype.

In the original design, the main regulator, supported the entire load of the circuit
making it get quite hot. The secondary regulators also had the same heating problem. The
design was improved by separating on feed rails to lower the heating temperature of the
bucks. These presented a good improvement and there was no heating problem, the 9 V to
5 V buck can support up to 3.5 A without a heatsink. Figure 3 includes the separation in
power rails and the improved circuit of the motherboard of the device.

The air aspiration tube that allows data collection is connected to the sample (Figure 4).
This connection tube is made of PVC, and 6 mm in external diameter (4 mm in internal
diameter), and connects at the other end to the 700 mL sensor chamber made of PP5 (food
grade PVC) that contains the matrix of MQ sensors. The device has a 0.4 L/min air pump
that recirculates the air inside the sample chamber. In the latest version of the prototype,
the air supply tubes have also been changed for more rigid and higher quality ones (Teflon).
This prevents deterioration that occurs during sampling. Because of the size of the sample
and the low air flow, the influence in the generation of smells is very low. Nevertheless, for
a commercial purpose, the use of alternative materials to PVC will be taking into account.
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Figure 3. Improvements of the current enose compared with the previously used. (a) Separation
in power rails; (b) Improvement introduced in the motherboard with the addition of a new A/D
converter. The red cross are the zones that have been changed respect to the initial version.

All sensors must be burned for around 48 h to remove any remaining moisture. After
burn-in, the trim pot resistors used for each sensor must be adjusted to obtain a 2 volt
response on fresh air (the reference value without honey). If the device remains unused for
over three months, the 48-h burn-in procedure should be redone.

The resistance of the sensor, which is the one that is sensitive to the gases present in
the sample, receives a sinusoidal power supply with voltage values that vary between
1.5 V and 4.5 V with a period of 2 min. This introduces a variation in the temperature of
the sensor, which according to the literature on the use of the sensors and previous tests
of ours has shown to increase the sensitivity and, above all, to avoid the drift process in
the sensors. The drift process refers to the phenomenon whereby the value we read from
sensors in stable situations drops over time due to sensitivity drift processes. The sensor
sampling is done every 0.5 s with the ADC of the Arduino Nano at 10 bits of resolution,
that is, it is sampled at 2 Hz.
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inside the sampling chamber together with the SHt71 humidity and temperature sensor (in the center
of the chamber). (c) Experimental procedure for one of the case study honeys. (d) Honeys used in the
previous experiment.

2.3. Data Analysis

For analyzing the raw data (unprocessed) captured by the electronic nose, the initial
action taken was executing a Discrete Fourier Transform (DFT) for each cycle of the input
signal [27]. The previous analysis of these data was performed with proprietary software
based in Matlab R2022b. Currently this subsequent DFT analysis is done manually and an
application is being developed to do it automatically.

Subsequently, the Python environment was used to perform a Principal Component
Analysis (PCA) as an unsupervised linear method. The grouping that the e-nose could find
among the samples is observed. This analysis allows to simplify the variables studied, their
physicochemical composition, pollen analysis and the obtained values from the electronic
nose prototype. The technique produces a fresh collection of variables known as principal
components. Every principal component is derived from a linear blend of the initial
variables. These principal components are mutually orthogonal, ensuring no overlapping
information. This collection of principal components creates an orthogonal foundation for
the data domain.

In the second experiment, the machine learning (ML) algorithm was used through
Support Vector Machines (SVM). This method has given good results in other recent
studies related to honey adulteration or classification that have combined machine learn-
ing tools [32,33] with other analysis techniques such as isotope profiles, hyperspectral
microscopy technology, or infrared spectroscopy [34].

The outcomes from the e-nose readings, taken earlier, were compared against the
physicochemical and pollen evaluations of each honey sample to gauge and assess the
classification effectiveness of the utilized prototype.

3. Results
3.1. Results of the First Experiment

On the one hand, the RAW values (raw and unprocessed values) returned by the AD
converter were studied, analogue values that oscillate integers between 0 and 1023 (0–5 V)
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corresponding to the data directly from the sensors, with a resolution of 10 bits. In the
first study, the experiment was repeated eight times for each of the six samples analysed,
showing a clear response from the sensors in those with a higher pollen content.

The most observed trend is the decrease of the sensor signal over time (Figure 5),
events that have also been supported by other studies [35].
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To process the raw data, the initial step involved executing a Fourier transform (DFT)
for every experiment via specialized software. Each sample underwent analysis for a
duration of ten minutes, with the device’s sample rate configured at 2 Hz. Consequently,
each sampling yielded 1200 values, which were processed through the Matlab FFT function,
producing cosine and sine coefficients along with five harmonics encompassing the DC
component for every coefficient.

A Principal Component Analysis (PCA) was then conducted to visualize and cluster
the samples. Both the PCA and the visualization were executed using the Matlab® R2020a
version. The accumulated data was arranged into a matrix, subsequently normalized, and
then broken down into its principal components (PCs).

In this first preliminary study, a grouping by individual samples was not observed,
that is, the samples are not clearly distinguished. However, it can be seen in Figure 3a that
there is a certain division by color, that is, on the left it can be seen that the samples m2 and
m3 (Blueweed 62% and Blueweed 74%) that are grouped in contrast to the others that are
grouped to the right of the cloud of points.

This conclusion, it is seen more clearly in Figure 6b. After using the k means algorithm
to classify the data set into two groups, it is observed that the Blueweed samples m2, m3
can be grouped as one group and the rest of samples can be grouped in another group.
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m2 and m3, different concentrations of Blueweed honey; m4, rape honey, m5, lavender honey, m6,
forest honey); (b) Application of the k means algorithm to classify the data set into 2 groups in an
unreinforced way. (Blueweed samples m2, m3 in (a) can be grouped as one group (m1, blue) and the
others m1, m4, m5 and m6 in (a) can be grouped as another group (m2, yellow).

Although a clear classification for each of the honeys is not observed, it is shown
that the prototype manages to define a classification based on its pollen content, which
reinforces our hypothesis that despite being non-specific sensors for VOCs, it can have a
potential classifier for honeys.

3.2. Results of the Sesond Experiment

In this second study, sixteen honey samples were used, also obtained from local
beekeepers in the Sierra Norte area of the Community of Madrid (Spain) and harvested
in the autumn of 2022. It should be noted that these honeys, obtained mainly from local
apiaries with hives on shelves, that is, that beekeeping whose hives remain all year in the
same settlement. they are closely linked to the predominant flowering of the year in which
it is harvested, and due to recent years marked by climatic extremes, it has made it difficult
to obtain the same monofloral honeys as in the first study (Blueweed, Rape, Lavender
and Forest).

In this case, the studied honeys were classified as Rosemary (RM), Oak (RB), Lavender
(CANT), and Chestnut (CAST). For each of the varieties, they provided us with four samples
from different batches, which allowed us to analyze a total of sixteen honeys with different
pollen loads. As in the preliminary case, a physicochemical analysis was performed for
each of the samples, the results of which are shown in Table 2 and which were used to
compare with the results obtained from the prototype e-nose.

The Oak (honeydew) and Chestnut samples present a higher conductivity and color
than the rest of the samples. These honeys have similar physicochemical properties and,
frequently, similar pollen spectrum profiles that in some studies have complicated the
differentiation between them [36] but on the contrary, this fact does allow them to be clearly
differentiated from the other samples as can be seen. See in Figure 4.

A prior PCA was performed to compare the grouping performed. For this analysis, the
values obtained from Table 2 were used, with the exception of the Oak honeydew values.
In the case of honeydew such as Oak honey, melissopalynology is not useful to identify the
botanical origin of this type of honey [37].

Figure 7 shows the PCA representation made with the data from the physicochemical
analysis. Each of the points corresponds to each of the 12 samples. The color indicates the
label of each sample relating it to the group to which it belongs according to the indicated
legend. The largest points correspond to the centroid of each of the clusters corresponding
to each group. The centroid indicates the average around which the points of the same
group are grouped. It can be seen how three clusters have been formed that can be related
to the groupings that we intend to make according to the type of honey. Bottom right, with
greater separation from the other two, the orange cluster corresponding to Chestnut can be
seen. This one presents a great internal variability between samples but it differs well from
the other clusters. On the left, it can be seen that the clusters corresponding to Lavender
and Rosemary are much closer, indicating greater similarity between them. It is observed
that one of the Rosemary samples, located in the lower left part of its cluster, is closer to the
Lavender cluster. That is, these two groups (Lavender and Rosemary) present a very high
similarity according to their physicochemical analysis data.

According to the physicochemical values, the graph shows a greater similarity between
the rosemary and lavender samples, with chestnut being more differentiated. This may be
because it has a higher conductivity and color than the rest of the samples.
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Two outliers are also observed, one from Oak and the other from Rosemary, which are
far from the rest of the data set, and which clearly affects the correct grouping of the cluster.
This may be due to one of the limitations that PCA has as a dimensionality reduction
method, since it only contemplates linear combinations of variables, which means that it is
not capable of capturing other types of relationships.

Regarding the electronic nose, a total of ten measurements were made for each of the
samples, obtaining on the dataset containing 160 data corresponding to the measurements
made by electronic nose on honey samples. These honeys have been grouped by pollen
content into 4 groups, Rosemary (RM), Oak (RB), Lavender (CANT), and Chestnut (CAST).

In addition to the measurements by electronic nose, the results of a physicochemical
analysis have been analyzed, shown in Table 4, containing measurements of the molasses
used. A statistical study has been made according to these data of 3 of the RM, CAST,
and CANT honeys. Each of these groups is made up of 4 samples, so there is a total of
12 samples studied. The samples corresponding to the RB group have been omitted since
the pollen analysis has not been carried out on them.

Table 4. Metrics to evaluate the performance of the SVM model when classifying among the
four classes.

Precision 1 Recall 2 F1-Score 3 Support 4

Rosemary 0.80 0.67 0.73 6
Chestnut 1.00 0.90 0.95 10

Oak 0.75 0.86 0.80 7
Lavender 0.90 1.00 0.95 9
Accuracy 0.87 - 0.88 32

Macro avg 5 0.86 0.86 0.86 32
Micro avg 5 0.88 0.88 0.87 32

1 Precision: The proportion of instances classified correctly in all classes. 2 Recall: The ability of the model to
correctly identify all cases of a specific class. 3 F1 Score: The harmonic mean of accuracy and recall, providing a
balanced measure for each class. 4 Support: Refers to the number of cases of each class. It gives an indication of
the distribution of cases among the classes. 5 Macro/Micromean of Precision, Recall and F1 Score: Macromean
calculates metrics independently for each class and then averages, while micromean aggregates contributions
from all classes to calculate metrics.
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The first objective was established to compare the initial grouping of the four groups
mentioned above, with the groupings of the physicochemical data and those measured
by electronic nose. In this way it was determined if the nose detects and differentiates the
samples according to the initial hypothesis of the four groups.

Figure 8 shows the PCA representation made with the data from the analysis carried
out by electronic nose. Each of the points corresponds to each of the 160 samples analyzed
with the nose. In this case, the data of the 4 groups studied are presented. Each color
corresponds to one of them established in the legend of the figure. The first observation
of interest is; how a large part of the samples are indistinguishable by group, located in
the central left part of the figure, while other clusters are formed by groups. In the upper
left, the cluster corresponding to Chestnut (CAST, red) is the one that is best distinguished
from the rest of the samples. It is seen that its centroid is the farthest from the rest and that
a large number of samples are located in the upper right part of the figure. Secondly, it
should be noted that the samples corresponding to Oak (RB, yellow) and Rosemary (RM,
black) are the ones that are most similar to each other. The centroids are at the smallest
distance observed and the samples are placed on exactly the same area of the figure. Finally,
it can be seen how Lavender (CANT, white), despite the fact that the centroid distances
itself from the rest, the samples are distributed together with the left central cluster.
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Figure 8. Representation of the first two main coefficients of the PCA carried out with the data
obtained from the analysis by electronic nose, taking 80% of the variance of the data. Chestnut
(CAST), red, Rosemary (RM), black, Lavender (CANT), white and Oak (RB), yellow.

In Figure 5 it can be seen that Chestnut honey, as in the case of the PCA analysis
carried out with its physicochemical parameters, differs from the rest of the honey mainly
due to its phenolic components. This may be due to the fact that chestnut honey is a
monofloral honey in which the largest number of phenolic compounds have been identified
to date [38], which allows increasing the sensitivity of the sensors and classifying it more
clearly with respect to the rest of honey

The same happens with oak molasses honey, whose investigations have determined
that it has a higher content of polyphenols and flavonoids [37] compared to other types of
honey. Finally, supervised learning models have been used to classify each of the samples
within each of the groups that have been established and to which they are considered
to belong. The best results were obtained by using Support Vector Machines (SVM). The
model obtained was trained with 80% of the data and with a quality of 20%. It is possible
to obtain a model with 87.5% accuracy in the classification. Next, Table 4 details a series of
measurements obtained.
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Finally, the machine learning (ML) algorithm is shown using Support Vector Machines
(SVM).

For the statistical categorization of the samples, we constructed a confusion matrix
(Figure 9). Every column in the matrix denotes the count of predictions for each class,
whereas each row indicates the instances belonging to the true class. With this matrix is
possible to evaluate the prediction capacity of the obtained algorithm based in SVM. This
algorithm is relating the measured values samples with the used enose against the type of
honey. As it is presented in Figure 9, the precision of the predictive algorithm is 87.5%. This
is a good fit and the enose can be employed for a quick identification of the studied honeys.
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Finally, a study is carried out whose objective is to identify which are the sensors of
the electronic nose that contribute the most to the predictive capacity of the SVM model.
The Permutation Importance technique will be used to evaluate the importance of the
72 variables in a data set consisting of 160 samples.

Permutation Importance is a technique that allows you to measure the relative im-
portance of each variable in a machine learning model. In this case, it will be applied to
evaluate how each of the 72 previously mentioned variables contributes to the predictive
capacity of the model.

With this technique, a model is first trained using the entire dataset containing all
160 records and 72 variables. The initial performance of the model is then calculated.
Each of the variables is selected, the values of one of them are mixed, while the other
variables remain unchanged in each permutation. The performance of the model with the
permuted variable is evaluated, and it is compared with the initial performance to establish
the importance of this variable. A greater decrease in performance will indicate a greater
importance of the variable (Figure 10).

Sensor MQ3 (alcohol) is the most important, while MQ9 (carbon monoxide and
liquefied petroleum gases) is the least relevant. As expected, the MQ3 sensor is an important
variable due to its sensitivity to alcohols and to the fact that the chemical composition of
both honey and pollen is made up of these. The MQ135 is also important due to its wide
sensitivity to different sensors.
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Regarding the importance of the variables of the SVM model, color is the most impor-
tant variable. Next in importance are pollen grains, followed by grains, conductivity. The
other variables are not important in the model.

4. Conclusions

Volatile organic compounds can help distinguish monofloral honeys based on their
sources and offer insights into the honey’s botanical and geographical provenance.

The use of this e-nose prototype has allowed simplifying the analysis without the need
to require a qualified specialist and reducing costs.

The knowledge of the volatile profile of a honey and its chemical fingerprint has
allowed to discriminate the type of honey based on its floral origin.

The results of the preliminary study allowed to classify two groups based on the
percentage of pollen contained in the honey, obtaining a higher response from the sensors
for those samples that had a pollen content higher than 54%.

The SVL classification method has allowed to distinguish the varieties of honeys and
it is shown as an alternative method to the PCA in the classification of monofloral honeys
of the experiment developed.

For this experiment, the alcohol-related sensors (MQ3) are the ones that give the
highest response due to the chemical composition of both honey and pollen. Similarly, the
MQ135 gives a significant response, due to the wide range of VOCs to which it is sensitive.
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This used prototype has been used for quick classification of agrifood products (olive
oil, wine, coffee, lemons, among others) and medical purposes (urine analysis). The
inconvenience of this prototype is the previous calibration. A period of several months
(depending on the number of samples) has to be used for calibration. But finally, this device
can be used for the studied substances.

Another problem is the repeatability of the device. There is a varied response in each
device. This can be solved with a better quality sensor.

The next step for this device is the development of a commercial purpose.
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