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ABSTRACT
Honey is a natural product renowned for its nutritional and medicinal properties. However, the increasing market demand in
Pakistan has led to frequent instances of adulterated and fraudulent honey. Conventional detection methods are widely used but
are often inefective in accurately identifying adulteration. This study proposes a novel approach to detecting adulteration in honey,
specifcally the mixing of sugar, using machine learning (ML) techniques in conjunction with hyperspectral imaging (HSI). By
leveraging HSI, we capture distinct spectral features of both pure and adulterated honey. These spectral features are processed and
analyzed usingML algorithms trained on a dataset comprising pure andmixed honey samples. Experiments involve binary, as well
as, multiclass (5 classes) honey samples with diferent levels of adulteration. In addition, data balancing is also carried out using
synthetic minority oversampling technique (SMOTE). The results prove the proposed approach to be efcient in detecting
adulteration across various honey varieties, with linear regression achieved 99.9% while support vector machine and multilayer
perceptron obtaining a 98.7% accuracy for binary class. For themultiple classes of honey, the multilayer perceptron shows a 96.67%
accuracy outperforming the remaining ML and deep learning models. Among the deep learning models, the convolutional neural
network (CNN) achieved the best performance with an accuracy of 94.67% after applying the SMOTE × 3 (three times of over
samples of original samples of each class) data balancing strategy, whereas recurrent neural network (RNN), long short-term
memory (LSTM), and gated recurrent unit (GRU) models showed comparatively lower performance.

1 | Introduction

Honey, a natural product celebrated for its nutritional and
medicinal properties, is increasingly subjected to adulteration to
meet rising market demands. Conventional methods for
detecting adulterated honey, such as visual inspection and basic

tests, are often inefective and unreliable. Adulteration, com-
monly involving the addition of commercial sugar syrups or
blending with inferior-quality honey, can have health risks,
including elevated blood sugar levels, obesity, diabetes, and
hypertension [1]. These unethical practices also undermine
consumer trust and the authenticity of honey.
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Hyperspectral imaging (HSI) and machine learning (ML) ofer
innovative solutions to address this challenge. HSI captures
images at multiple wavelengths across the visible and near-
infrared spectra (VNIR), providing detailed spectral in-
formation for every pixel [2]. These spectral data enable precise
diferentiation between pure and adulterated honey. ML algo-
rithms, trained on datasets containing spectral features of pure
and adulterated honey samples, can accurately classify and
quantify adulteration levels [3].

The integration of ML and advanced imaging techniques has
signifcantly advanced classifcation and detection tasks across
various domains. These methods are increasingly being applied
to land use classifcation, crop analysis, medical imaging, and
anomaly detection.

Honey adulteration is a global issue, with implications for
consumer trust and public health. Advanced technologies such
as HSI and ML have proven to be efective tools for addressing
this challenge. Numerous studies have explored their application
to detect and quantify adulteration in honey.ML techniques have
been extensively applied to classify honey adulteration. For ex-
ample, studies have shown the efectiveness of algorithms such
as support vector machine (SVM), random forest (RF), and
neural networks (NNs) in classifying honey adulterated with
fructose and other syrups. These methods utilize features such as
pH, electrical conductivity, and spectral refectance for classif-
cation. Furthermore, [4] emphasized the potential of non-
destructive technologies like Fourier transform infrared
spectroscopy combined with ML to detect adulterants in honey,
achieving accuracies above 90%.

HSI provides signifcant advantages for food quality assurance by
capturing detailed spectral and spatial data. Studies have dem-
onstrated its utility for detecting adulteration in honey by ana-
lyzing spectral diferences at various syrup concentrations. For
instance, researchers employed HSI to classify honey adultera-
tion with an accuracy exceeding 95%, using supervised learning
like linear discriminant analysis (LDA) and NN [5]. These ap-
proaches underline the versatility of HSI to discriminate the pure
honey from adulterated honey across multiple concentrations.

The integration of HSI with ML has extended beyond honey
adulteration to related applications in food quality and safety.
Hyperspectral microscopy has been used to analyze adulterated
honey by classifying it according to syrup concentration. These
methods rely on advanced algorithms like SVM and NNs to
achieve high precision and recall scores, facilitating reliable and
efcient detection of adulteration [6].

The reviewed literature highlights the growing adoption of HSI and
ML techniques in detecting honey adulteration. These methods
ofer signifcant advantages in terms of nondestructiveness, accu-
racy, and adaptability to diverse adulteration scenarios. This study
builds on these fndings by employing HSI and ML for honey
adulteration detection, focusing on spectral feature extraction, noise
reduction, and model optimization.

The reviewed literature underscores the value of advanced im-
aging and ML techniques in enhancing classifcation accuracy
across diverse applications. This research builds on these fnd-
ings by focusing on the integration of HSI and ML for honey
adulteration detection, contributing to the growing feld of food
quality assurance [7].

Lastra-Mejias et al. [8] proposed a novel method for adulteration
detection in honey by employing algorithms that rely on chaotic
parameters. This technique was applied in conjunction with
laser-induced breakdown spectroscopy (LIBS) to classify honey
based on its botanical origin and detect possible fraud. The study
reported a high success rate, achieving over 90% accuracy when
analyzing honey of various botanical origins and exceeding 95%
when individual honey types were examined separately. Despite
the promising results, the method faced limitations in dis-
tinguishing small quantities of adulterants, such as rice syrup,
and encountered challenges in categorizing honey according to
its botanical source due to the complexity and similarity of
spectral patterns.

Li et al. [9] investigated the application of HSI in combination
with convolutional neural network (CNN) to accurately detect
adulteration in Atlantic salmon, showcasing the potential of this
approach for food authenticity verifcation. Although the study
focused on fsh, its fndings are relevant to honey adulteration
research, as they highlight the efectiveness of HSI when in-
tegrated with deep learning (DL) models for detecting subtle
compositional changes. The HSI technique captures spatial and
spectral information simultaneously, allowing for comprehen-
sive analysis of the sample. While the study reported promising
results, a notable limitation of the HSI approach is its re-
quirement for complex setup and specialized equipment, which
can be expensive and not readily accessible to all users. Addi-
tionally, the efectiveness of HSI may vary depending on specifc
imaging parameters and sample conditions.

Mendes and Duarte [10] presented a comprehensive review
highlighting the utility of mid-infrared (MIR) spectroscopy as
a powerful tool for food analysis across various products, in-
cluding honey. The study emphasized the efectiveness of
combining MIR spectroscopy with chemometric approaches to
reliably assess food authenticity and detect adulteration. This
integrated method enables the extraction of meaningful patterns
from complex spectral data, making it a quick and robust
technique for identifying tampered food samples. However, the
study also noted key challenges, such as overlapping spectral
bands and poor resolution in the near-infrared (NIR) region,
which can hinder the accurate interpretation of results and limit
the extraction of relevant information from large spectral
datasets.

Siano et al. [11] investigated HSI for improving the classifcation
performance of food adulteration detection models. While the
study focused on enhancing model accuracy, it did not explicitly
report the specifc outcomes of using HSI for detecting honey
adulteration. Nevertheless, it acknowledged the efectiveness of
HSI in capturing both spatial and spectral information, which
can improve adulteration detection depending on the selected
parameters and experimental conditions. One of the primary
limitations identifed was the complexity and cost associated
with hyperspectral systems, which often require specialized
equipment and setup. This can restrict accessibility and practical
deployment, especially for routine or large-scale testing.

Calle et al. [12] developed an automated approach to detect
adulteration in high-quality honey. The authors combine visible
and near-infrared spectroscopy (Vis–NIRs) with ML for this
purpose. The study evaluated the performance of several models,
including SVM and RF. SVR delivered strong predictive

2 of 16 Journal of Spectroscopy, 2026

 9169, 2026, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1155/jspe/3711570 by Spanish C

ochrane N
ational Provision (M

inisterio de Sanidad), W
iley O

nline L
ibrary on [03/09/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



capabilities with a better (R2) of 0.991 than other studies. In
addition, a root-mean-squared error (RMSE) of 1.894 proves its
efciency. These results underline the potential of Vis–NIR
spectroscopy coupled with ML for accurate, nondestructive
honey adulteration detection. However, the study did not con-
sider factors like the generalizability and robustness of the
proposed models in real-world applications.

Vis–NIR spectroscopy has also been utilized to detect honey
adulteration. For example, the study [13] proposed optimal
subspace wavelength reduction (OSWR) approach for efcient
feature extraction to integrate it with Vis–NIR. With feature
dimensions reduced to 39 wavelengths, various MLmodels show
improved performance, reporting the highest accuracy of 96.67%.
In addition, honey adulteration levels are also predicted.

The use of Fourier transform has also been investigated for
detecting honey adulteration. The study [14] applied Fourier
transform infrared spectroscopy, alongwithmultivariate analysis
for adulteration detection in honey. Honey adulteration was
carried out at various ratios up to 50%. Experimental fndings
indicate that spectral patterns change with various levels of
adulteration, and hierarchical clustering shows groupings based
on adulteration levels. Similarly, [15] investigates ultra-
violet–visible spectral band to analyze changes in physico-
chemical parameters of honey for honey adulteration detection.
Adulteration was carried out at various levels ranging from 5% to
50%. The study used spectral features to train an NN to dis-
criminate between pure and adulterated honey. Coupled with
principal component analysis (PCA), the artifcial NN shows
promising results for honey adulteration and reduced latency.

The focus of the study [16] is to investigate honey crystallization
through spectral analysis. The authors gathered honey from
diferent geographical sites and analyzed the crystals to fnd the
source of honey. Experimental fndings indicate that using
wavelength and light intensity percentiles, honey samples from
various cities of Turkey can be identifed with high accuracy.
Precise fndings of the literature review are given in Table 1.

Recent advancements in food adulteration detection underscore the
efectiveness of artifcial intelligence (AI) and sensor technologies.
Techniques such as Vis–NIRs coupled with SVMs and RFs have
achieved higher accuracy in identifying adulterated honey. Fur-
thermore, DL models, such as CNNs, have demonstrated superior
performance in processing hyperspectral data by leveraging high-
dimensional features [17]. The introduction of 3DCNNs has further
enhanced hyperspectral analysis by incorporating spatial and
spectral correlations, improving the detection of adulteration. The
following key aspects are explored in this study:

• The study addresses practical challenges, especially focused
on issues such as small-scale adulteration detection, vari-
ability in honey properties, and the need for noise reduction
during spectral feature analysis.

• The study advanced the application of HSI and ML in honey
adulteration detection, ofering a scalable solution to en-
hance food quality assurance practices. It proposes an ap-
proach combining HSI and ML for binary and multiclass
honey classifcation.

• Data are collected using a dedicated HSI setup. Various
ratios of adulterated dwarf honey are mixed with giant

honey to formulate fve classes. A systematic data prepa-
ration pipeline is designed including spectral feature ex-
traction, noise reduction, normalization, and feature scaling
to optimize the performance of ML models.

• Extensive experiments involve ML and DL models like
multilayer perceptron (MLP), extra tree (ET) classifer, lo-
gistic regression (LR), RF, SVM, DT, CNN, gated recurrent
unit (GRU), long short-termmemory (LSTM), and recurrent
neural network (RNN).

Further, Section 2 explains the discussion of the proposed ap-
proach, dataset, ML models, and evaluation metrics. Results are
discussed in Section 3, while Section 4 concludes this study.

2 | Materials and Methods

Pure honey is a natural, unadulterated product produced by bees
and contains sugar in the form of fructose, glucose, and sucrose,
along with water, enzymes, vitamins, and minerals with high
viscosity, consistent natural aroma, and distinct spectral signa-
tures when analyzed through HSI. In contrast, impure honey is
adulterated with external substances such as sugar syrups, su-
crose solutions, or water volume or alters its properties. The
impure honey is produced by blending the determined ratio of
dwarf honey with calculated amounts of sugar syrup.

In this study, two labels are used: pure “0” and impure “1”. It is
observed during the literature review that sugar syrup is mixed
less than 30%, honey is considered pure, and above is impure.
Low-level adulteration (5%–15%) shows minor spectral de-
viations; moderate adulteration (16%–30%) leads to noticeable
changes in viscosity and spectral properties, while high-level
adulteration (> 30%) signifcantly alters honey’s natural com-
position, making it easier to detect. By leveraging HSI and ML
models, this study captures the spectral variations at diferent
impurity levels, identifes the substances added, and defnes
thresholds for classifying pure and impure honey with high
accuracy. In addition, experiments with multiple classes are also
conducted. For that, the impurity levels are systematically varied
as 10%, 20%, 30%, and 50%, enabling the detection and classi-
fcation of adulterated honey across a range of impurity levels.

This research focuses on identifying pure and impure honey by
leveraging HSI and ML techniques. Honey samples were col-
lected from the commercial market, including two distinct types,
giant honey and dwarf honey, chosen for their diversity and the
opportunity they provide to examine how granule size infuences
impurity absorption when mixed with sugar syrups. Adulterated
honey samples were prepared by blending calculated amounts of
sugar syrup, composed of sugar and water, maintained at
a consistent temperature of 40oC. Refectance data were collected
using a Specim FX-10 hyperspectral camera operating in the
visible and NIR spectra (395–1000 nm) with 224 spectral bands.
Adulterated honey samples were prepared by mixing pure honey
with food-grade sugar syrup at four predefned adulteration
levels of 10%, 20%, 30%, and 50% (w/w). The mixtures were
thoroughly homogenized before hyperspectral image acquisition
to ensure uniform distribution of the adulterant. Glucose was
selected as the adulterant because it is widely used as a com-
mercial adulterant in honey authenticity studies. Its composition
is similar to natural honey, making it difcult to detect honey
adulteration using traditional methods. The original giant honey
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had a 14.2� 0.57 moisture level (%), while the dwarf honey had
a 13.8� 0.28 moisture (%). On the other hand, the total sugar for
the giant and dwarf honey was approximately 64 and 72,
respectively.

Noise removal and preprocessing were performed using various
flters, including median, steady, moving average, and Savitz-
ky–Golay flters, with the latter providing themost efective noise
reduction and spectral enhancement. The preprocessed data
were formatted into CSV fles and split into training (75%) and
testing (25%) subsets. ML algorithms, including MLP, RF, ET,
KNN, DT, LR, and SVM, were trained on the spectral data to
classify honey samples as pure or adulterated. Among these
models, the SVM demonstrated the highest accuracy of 99.99%,
establishing it as the most efective method for honey adulter-
ation detection. The methodology and performance evaluation
are illustrated in Figure 1.

2.1 | Dataset Collection and Acquisition

A hyperspectral camera, Specim FX-10 (Specim, Spectral Im-
aging Ltd, Oulu, Finland), was used to acquire the samples, as
shown in Figure 2. This camera captures the visible and near-
infrared (VNIR) electromagnetic spectrum, covering 224 spectral
bands with a spectral resolution of 2.7 nm, across a range of
395–1000 nm. It is equipped with a Schneider Cinegon 1.4/8 mm
lens for enhanced image clarity. The laboratory setup included
a translational platform measuring 21 cm by 40 cm and three
halogen lights to ensure uniform illumination. The camera
system was controlled via a computer using GigE-Vision and
a serial connection adapter. To reduce external noise and ensure
accurate data capture, the HSI system was enclosed in a dark-
colored box, with the camera positioned 30 cm above the
moving tray.

2.2 | Output of Hyperspectral Processing System
and Sample Layout

Hyperspectral cameras capture a large amount of detailed
spectral information, as shown in Figure 3, which makes the
dataset quite large and requires careful planning for storage and
access. The dataset includes white references, dark references,
and fles in HDR and RAW formats, all increasing its quality and

fexibility. White reference fles are taken when the camera
captures light from a uniformly lit white surface. These are used
to correct diferences in lighting and sensor sensitivity across
diferent wavelengths. Dark references, on the other hand, are
recorded without any light to measure the camera’s built-in
noise. HDR fles help capture subtle diferences in light in-
tensity, while RAW fles store unprocessed, original data directly
from the camera. These RAW fles contain pure sensor readings,
without any changes or corrections applied.

The refectance values from these fles act like unique fnger-
prints, helping to thoroughly identify the composition of honey
samples. By creating graphs for both pure and impure honey, it is
possible to visually compare their refectance patterns and spot
clear diferences between them, as shown in Figure 4.

Studying hyperspectral data of honey is a powerful way to un-
derstand its complex makeup, which can beneft both the food
industry and scientifc research.

The sample output of hyperspectral header values stored in the
comma-separated value (CSV) fle is given in Figure 5. The CSV
fle is read using the Panda library available in Python language.
A total of 225 diferent values are acquired from our samples
using the hyperspectral machine, with two labels pure repre-
sented by “0” and impure represented by “1” shown in the last
column of the CSV fle. A screenshot of the sample output is
given in Figure 6.

For multiclass honey adulteration, the original data acquired by
the hyperspectral machine have 500 samples with fve labels 0–4;
after preprocessing, these are transformed into only two labels
0 and 1. A short description is given in Table 2. The original data
have 100 samples for each of the fve classes. For ML models, the
data are divided with a 70:30 ratio for training and test datasets.
In the test dataset, 150 samples from fve classes are selected to
test models.

2.3 | ML Models

Through the use of ML, automated systems can be developed for
automated honey adulteration detection. Making predictions
using MLmodels requires training the models on training data to
learn relationships among various attributes and the target class.

Pure

Honey
Impure

Hyperspectral camera Hyperspectral data Preprocessing Data resampling
(SMOTE)

Predictions

Data splitting

Evaluations Trained model Model training

T
ra
in
in
g

T
es
ti
n
g

FIGURE 1 | Methodology diagram for classifcation of pure and impure honey.
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FIGURE 2 | Components of hyperspectral processing system.
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FIGURE 3 | Output from hyperspectral system. (a) Experimental setup and (b) output in the form of refectance.
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FIGURE 4 | Refectance graph for (a) pure honey and (b) impure honey.
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At its core, ML relies on data; with higher and better data, it can
provide better results.

HSI ofers extensive information on the chemical composition of
honey by recording a wide range of spectral bands, making it

possible to detect even minute changes. Some of the advanced
classifcation algorithms (MLP, RF, ETC, kNN) are used to
understand the spectrum data and diferentiate between pure
honey and adulterants, allowing for quick and precise
identifcation.

This technology promises to protect customer confdence and
health by guaranteeing the quality and authenticity of honey
used in a variety of sectors, such as food, pharmaceuticals, and
cosmetics.

2.3.1 | MLP

The MLP, a type of artifcial NN, was chosen for its ability to
capture complex patterns and nonlinear relationships within the

(a) (b)

(c) (d)

FIGURE 5 | Visual diference of the pure honey and impure honey classes: (a, b) pure honey samples and (c, d) impure honey samples.
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FIGURE 6 | Sample output data in numeric form from the hyperspectral imaging setup used for training and testing.

TABLE 2 | Details of the dataset for honey.

Label Source No. of samples
0 dwarf & giant 100
1 10% adulteration of dwarf & giant 100
2 20% adulteration of dwarf & giant 100
3 30% adulteration of dwarf & giant 100
4 50% adulteration of dwarf & giant 100
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data. This model consists of multiple layers of interconnected
neurons, where each layer transforms the input data through
weighted connections and activation functions. By leveraging the
MLP’s DL capabilities, we aimed to accurately classify honey
samples based on their hyperspectral signatures. The model was
trained using a diverse dataset of hyperspectral images, enabling
it to learn the subtle spectral diferences between pure and
adulterated honey. Performance metrics such as accuracy, pre-
cision, and recall were used to evaluate the MLP’s efectiveness,
demonstrating its potential as a robust tool for the reliable de-
tection of honey adulteration.

2.3.2 | Random Forest

RF model, an ensemble learning technique, aggregates the
predictions of multiple decision trees to improve classifcation
accuracy and robustness. Each tree in the forest is trained using
a subset of the data and features selected randomly. This ran-
domness is used in understanding diverse patterns and reducing
overftting. By applying this approach to hyperspectral images,
the RF model efectively distinguishes between pure and adul-
terated honey by analyzing the complex spectral information
present in the data. The model’s strength lies in its ability to
handle high-dimensional datasets and its resilience to noisy data,
making it well suited for the task of honey adulteration detection.

2.3.3 | ET Classifer

The ET classifer is an ensemble learning technique that builds
a multitude of decision trees during training and aggregates their
predictions to produce a fnal classifcation. Unlike traditional
decision trees, the ET Classifer introduces greater randomness
in the training process by selecting random subsets of features
and splitting thresholds at each node. This increased randomness
helps in reducing variance and improving the generalization of
the model. For our application, the ET Classifer efectively
leveraged the high-dimensional spectral data from hyperspectral
images to diferentiate between pure and adulterated honey.

2.3.4 | K-Nearest Neighbors

The KNN model is a nonparametric, instance-based learning
technique that classifes data based on the similarity of neigh-
boring samples. By calculating the distance between a query
sample and its nearest neighbors in the feature space, KNN
assigns a label based on the majority vote of these nearest
neighbors. This method is particularly advantageous for
hyperspectral data, as it efectively handles high-dimensional
spaces and does not require an explicit model training phase. For
THE study, KNN was employed to distinguish between pure and

adulterated honey by analyzing the spectral characteristics
captured in hyperspectral images. The choice of the number of
neighbors (k) and the distance metric were optimized to improve
classifcation accuracy. Evaluation results, including accuracy
and classifcation metrics, demonstrated that KNN provided
a straightforward yet efective approach for identifying adul-
teration, showcasing its practicality in real-world applications for
honey quality assurance.

3 | Results and Discussion

This section presents the performance evaluation of the ML
models applied to the honey adulteration dataset. The results are
analyzed across two key state-of-the-art ML models and four DL
models CNN, LSTM, RNN, and GRU models.

3.1 | Experimental Setup and Hyperparameters

The experiments are carried out using the Python programming
language. Data were acquired using a dedicated setup involving
hyperspectral camera and various compositions of dwarf and
giant honey. For implementing traditional MLmodels, the scikit-
learn library was used. On the other hand, DL models were
implemented using TensorFlow/Keras. Experiments were per-
formed using an Intel Core i7 system, operating on Windows 10
with 16 GB RAM. Descriptive statistics of the dataset used for
binary class classifcation with and without applying the syn-
thetic minority oversampling technique (SMOTE) for over-
sampling in the experimental setup are given in Table 3.

For optimal performance, hyperparameter selection is very im-
portant. This study used the GridSearchCV method for hyper-
parameter selection, which performs an exhaustive search over
a predefned set of parameters to identify the optimal confgu-
ration. The range of values was defned using the existing lit-
erature on adulterated honey detection. GridSearchCV then
trained the model using all possible combinations of these pa-
rameters, employing k-fold cross-validation to ensure robustness
and reduce overftting. The best set of parameters was decided
based on the best average cross-validation performance, which
was selected as the fnal confguration and used for model
training and testing. Basic parameters are given in Table 4 for
each ML model. The models are optimized to get the best results
for honey classifcation.

3.2 | Binary Classifcation Without SMOTE

In the frst step, ML models are implemented after the scaling
using the StandardScaler () function available in Python lan-
guage. Table 5 shows the results of models for binary

TABLE 3 | Training and test datasets of each class with balanced and imbalanced data.

Class label Training dataset Test dataset Total Original/SMOTE
0 70 30 100

Original data. Before applying SMOTE, the imbalanced data1 280 120 400
Total 350 150 500

0 279 121 400
After applying SMOTE balanced data1 281 119 400

Total 560 240 800

8 of 16 Journal of Spectroscopy, 2026

 9169, 2026, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1155/jspe/3711570 by Spanish C

ochrane N
ational Provision (M

inisterio de Sanidad), W
iley O

nline L
ibrary on [03/09/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



classifcation. After the careful analysis of confusion matrices of
seven ML models, the performance of classifcation for pure and
impure honey was done. It is observed that SVM and MLP
demonstrate the highest accuracy, with minimal mis-
classifcations, making them the best performers. LR and DTs
also perform well, with only a few errors in their predictions. RF
and ET show moderate performance, struggling slightly with
Class 0 predictions. KNN has the weakest performance, mis-
classifying a notable number of samples, particularly for Class 0.
Overall, SVM stands out as the best model due to its near-perfect
classifcation accuracy.

Results for F1 score, accuracy, etc., are given in Table 6, in-
dicating that SVM obtains a 0.99 accuracy score. It is followed by
the MLP and LR with accuracy scores of 0.987 and 0.98, re-
spectively. Other evaluation metrics for these models are also
better, indicating the good ft of these models on the data.

Figure 7 visualizes the performance of the models on binary
classes. It shows that despite a good performance by the SVM,
MLP, and LR models, certain models show poor performance
such as KNN and DT.

3.3 | Binary Classifcation Using SMOTE

In the case of binary classifcation, the pure class has less number
of samples, whichmight lead tomodel overftting on themajority
classes. Often, with lower positive samples, the number of false
positives is high. To avoid this problem, SMOTE is applied to the
pure honey class to balance the dataset. For binary classifcation,
a total of 240 samples are used for testing. It is important to point
out that SMOTE is only applied to training samples to avoid data
leakage. SMOTE is applied on the training samples, and after
oversampling, the number of training samples are 560 (each class
has 280 samples). All experiments for binary classifcation in-
volve the same number of samples after applying SMOTE. The
confusion matrix after applying the SMOTE is given in Table 7.

It is clearly observed that the confusion matrices reveal the
impact of applying the SMOTE on the classifcation models.
Before SMOTE, the models showed variability in handling im-
balanced data, with SVM andMLP performing the best and KNN
struggling the most. After applying SMOTE, the overall perfor-
mance improved signifcantly, especially for minority class
predictions.

Results given in Table 8 show that SVM and MLP maintained
near-perfect accuracy, while RF, ET, and DT showed notable
improvements, particularly reducing false negatives. KNN, de-
spite some residual errors, demonstrated better balance in class
predictions. LR also benefted from SMOTE, achieving higher
accuracy with minimal misclassifcations.

Figure 8 visualizes the models’ performance on data balanced
using SMOTE. Overall, SMOTE enhanced the predictive power
of all models, making themmore robust for imbalanced datasets.

3.4 | Binary Classifcation Using DL Models With
SMOTE

Besides using ML models, four DL models are also used for
experiments in this study. CNN, RNN, GRU, and LSTM models
are used to classify samples into pure and impure honey. Table 9
shows the architecture and parameter details for DL models.

Since using ML models with SMOTE yielded the best results, DL
models are used on the SMOTE-based data. Table 10 provides the
results of DL models. CNN achieves the highest accuracy,
showing consistent results for other evaluation metrics. In
contrast, the RNN model demonstrates signifcant fuctuations
concerning evaluation metrics like precision and F1 score.

The model struggles to converge, with both accuracies remaining
relatively low compared to other models. The GRU model dis-
plays a more stable performance than RNN but achieves lower
performance compared to CNN and LSTM. The LSTM model

TABLE 4 | Parameter settings used for the models.

Model name Parameter settings
MLP hidden_layer_sizes= (64), max_iter = 500, random_state = 42
Extra trees n_estimators = 100, random_state = 42
Logistic regression C = 1.0, penalty = ‘l2’, solver = ‘lbfgs’
Random forest n_estimators = 100, max_depth =None, random_state = 42
Support vector machine C = 1.0, kernel = ‘rbf’, gamma = ‘scale’
Decision tree criterion = ‘gini’, max_depth = None, random_state = 42

TABLE 5 | Confusion matrix for models without using SMOTE.

Model True positive True negative False positive False negative
MLP 28 120 2 0
RF 23 120 7 0
ET 23 120 7 0
KNN 17 119 13 1
DT 22 119 8 1
LR 27 120 3 0
SVM 29 120 1 0

Journal of Spectroscopy, 2026 9 of 16
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consistently achieves high performance for accuracy, recall, and
precision, second only to CNN. In summary, CNN outperforms
all othermodels, achieving the best accuracy score of 0.906, while
LSTM is the second-best performer. The dataset used for training
is smaller, and DLmodels do not get a good ft on the data as they
need larger datasets for better training. As a result, their per-
formance is lower compared to ML models.

3.5 | Multiclass Classifcation Using ML Models
With SMOTE

In addition to binary classifcation, the multiclass problem is also
investigated where the honey is divided into fve classes. Class
0 shows pure honey, while classes 1–4 show diferent levels of
impurity. The data are split into training and test splits, and the
SMOTE is only applied to training data to avoid data leakage.
Models are tested on the original test data without any over-
sampling. Furthermore, the SMOTE was applied using two
oversampling levels. In SMOTE × 2, the original 70 training

samples per class were synthetically expanded to 140 samples per
class, whereas in SMOTE × 3, they were expanded to 210 samples
per class. Figure 9 shows the confusion matrices of the best ML
and DL models among all original and various settings of the
SMOTE dataset used for experiments. Confusion matrix clearly
shows that MLP achieved a 96.67% accuracy, while among DL
models CNN achieved a 94.67% highest accuracy.

Table 11 presents the class-wise performance of seven ML and
four DL models under three diferent training strategies: the
original training dataset (70 samples per class), SMOTE × 2 (140
samples per class), and SMOTE × 3 (210 samples per class). Each
model was evaluated on a fxed test set of 150 samples (30
samples per class). For each class, the numbers of correctly
predicted (CP) and wrongly predicted (WP) samples are reported
along with the overall classifcation performance.

Using the original training dataset, the MLP classifer achieved
the highest performance among all ML models by correctly
classifying 145 out of 150 samples (96.67%), followed by CNN,
which correctly classifed 138 samples (92.00%) and out-
performed the remaining DL models. Ensemble models such as
ET (136 correct predictions) and RF (130 correct predictions) also
demonstrated competitive performance, whereas SVM (111
correct predictions) and LR (118 correct predictions) showed
comparatively lower performance for the fve-class classifcation
task. Among the DL models, LSTM, RNN, and GRU produced
signifcantly lower classifcation performance, indicating dif-
culty in learning discriminative spectral features from the
available training samples.

After applying SMOTE × 2, which increased the training samples
from 70 to 140 per class, several models exhibited improved

TABLE 6 | Performance of models without SMOTE.

Model Accuracy Precision Recall F1
MLP 0.987 0.984 0.98 0.982
RF 0.95 0.95 0.95 0.95
ETC 0.95 0.95 0.95 0.95
KNN 0.90 0.91 0.90 0.90
DT 0.94 0.94 0.94 0.93
SVM 0.99 0.99 0.99 0.99
LR 0.98 0.98 0.98 0.98

Performance Comparison of Machine Learning Models
Accuracy

Accuracy
Models

Model
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an average score of 0.990

Best Overall Performance: SVM

FIGURE 7 | Performance of models for binary classes on imbalanced datasets.

TABLE 7 | Confusion matrix for models using SMOTE.

Model True positive True negative False positive False negative
MLP 121 118 0 1
RF 121 110 0 9
ETC 121 113 0 6
KNN 120 106 1 13
DT 120 110 1 9
LR 121 119 0 0
SVM 121 117 0 2
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classifcation performance. CNN improved from 138 to 140
correct predictions (93.33%), while ET improved from 136 to 138
correct predictions. Similarly, RF increased from 130 to 133, and
KNN increased from 122 to 127 correctly classifed samples. In
contrast, the MLP performance remained unchanged at 145
correct predictions (96.67%), indicating that the classifer had
already achieved near-optimal performance using the original
balanced dataset. Although LSTM, RNN, and GRU also benefted
from oversampling, their performance remained substantially
lower than that of the ML classifers.

With SMOTE × 3, where the training samples were further in-
creased from 70 to 210 per class, the CNN achieved its highest
performance by correctly classifying 142 out of 150 samples
(94.67%), reducing the number of misclassifed samples from 12
to 8. This demonstrates that CNN benefted from the larger
synthetically balanced training dataset. Conversely, the MLP
exhibited a slight reduction from 145 to 144 correct predictions
(96.00%), although it remained the overall best-performing
model. The performances of RF, DT, and KNN also improved
slightly compared with the original dataset, whereas LSTM,
RNN, and GRU showed only marginal improvements despite the
larger training set. A graphical representation of this study is
given in Figure 10.

3.6 | Cross-Validation

The proposed approach is tested for 10-fold cross-validation to
evaluate its robustness and ability to generalize. The results of cross-
validation are given in Table 12. Results suggest that the MLP and
ET models perform well using 10-folds similar to their better per-
formance for multiclass problems. Besides accuracy, other metrics
for these models also show better results compared to other models.
On the other hand, SVM and LR show poor results.

TABLE 8 | Performance of models using the SMOTE approach.

Model Accuracy Precision Recall F1
MLP 0.99 0.99 0.99 0.99
RF 0.96 0.96 0.96 0.96
ETC 0.975 0.976 0.975 0.975
KNN 0.94 0.946 0.941 0.941
DT 0.958 0.958 0.958 0.958
LR 1.00 1.00 1.00 1.00
SVM 0.99 0.99 0.99 0.99

Performance Comparison of Machine Learning Models
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FIGURE 8 | Performance of models for binary classes using SMOTE.
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FIGURE 9 | Confusion matrices of the best-performing models for multiclass honey adulteration classifcation with SMOTE × 3 training strategy.
(a) Multilayer perceptron (MLP). (b) Convolutional neural network (CNN).
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3.7 | Performance Comparison

Comparative performance analysis of the current study with
existing approaches on adulterated honey detection is provided
in Table 13. The study [4] used SVM, LDA, and NNs for honey
adulterated detection and reported a 93% accuracy using the
SVM model. The study [6], on the other hand, adopted several
models like ANN, SVM, KNN, RF regressor (RFR), and DT, with
the ANN obtaining the best accuracy of 97.9% for the binary class
problem. The authors report a 95.0% accuracy using stepwise
discriminant analysis (SDA) with a leave-one-out-cross-
validation approach. In comparison to these approaches, the

current study showed a better accuracy of 96.67% using fve
classes of honey.

3.8 | Discussion

The results underscore the efectiveness of HSI combined with
ML and DL for robust and accurate detection of honey adul-
teration. The MLP model achieves perfect metrics across all
performance measures, emerging as the most reliable solution
for classifying pure and adulterated honey.

The MLP model outperforms RF, KNN, DT, and LR because it
can efectively learn highly nonlinear, hierarchical feature rep-
resentations from data. Compared to LR, MLP model is not
limited to linear decision boundaries. While DT and RF rely on
hard splits that may fragment the data, MLP model captures
smooth and complex interactions without the need for such
splits. The performance of the KNNmodel is reported to degrade
for high-dimensional datasets, which is the case in this study as
well. The MLP, on the other hand, generalizes well through
learned weight sharing and regularization. Provided with a suf-
fcient data and a proper tuning, MLP can adapt well and show

TABLE 10 | Performance evaluation of DL models using SMOTE.

Model Accuracy Precision Recall F1
GRU 0.84 0.83 0.84 0.81
LSTM 0.90 0.90 0.90 0.89
CNN 0.906 0.92 0.91 0.90
RNN 0.80 0.64 0.80 0.71

TABLE 11 | Classifcation results (correct predictions [CPs] and wrong predictions [WPs]) across experiments and ML models.

Experiment ML model
Class 0 Class 1 Class 2 Class 3 Class 4 Total

CP WP CP WP CP WP CP WP CP WP CP WP

Original data vs: test 70:30

MLP 28 2 38 2 22 1 25 0 32 0 145 5
RF 20 10 39 1 22 1 20 5 29 3 130 20
ET 22 8 38 2 23 0 22 3 31 1 136 14
KNN 18 12 37 3 20 3 21 4 26 6 122 28
SVM 15 15 38 2 18 5 20 5 20 12 111 39
LR 28 2 37 3 17 6 23 2 13 19 118 32
DT 22 8 38 2 22 1 22 3 27 5 131 19
CNN 26 4 38 2 21 2 21 4 32 0 138 12
LSTM 0 30 39 1 0 23 10 15 0 32 49 101
RNN 23 7 0 40 10 13 0 25 8 24 41 109
GRU 23 7 0 40 12 11 0 25 0 32 35 115

SMOTE × 2 (140/class) 140:30

MLP 28 2 38 2 22 1 25 0 32 0 145 5
RF 24 6 38 2 21 2 19 6 31 1 133 17
ET 25 5 38 2 23 0 21 4 31 1 138 12
KNN 19 11 37 3 20 3 20 5 31 1 127 23
SVM 16 14 38 2 20 3 19 6 24 8 117 33
LR 27 3 38 2 19 4 21 4 17 15 122 28
DT 22 8 38 2 20 3 21 4 28 4 129 21
CNN 26 4 39 1 21 2 24 1 30 2 140 10
LSTM 21 9 39 1 1 22 0 25 0 32 61 89
RNN 20 10 38 2 4 19 0 25 16 16 78 72
GRU 23 7 33 7 3 20 0 25 0 32 59 91

SMOTE × 3 (210/class) 210:1

MLP 28 2 38 2 22 1 25 0 31 1 144 6
RF 23 7 38 2 21 2 20 5 29 3 131 19
ET 25 5 38 2 23 0 21 4 30 2 137 13
KNN 21 9 37 3 22 1 20 5 31 1 131 19
SVM 16 14 38 2 20 3 19 6 28 4 121 29
LR 28 2 38 2 18 5 23 2 18 14 125 25
DT 23 7 37 3 21 2 22 3 28 4 131 19
CNN 26 4 39 1 21 2 24 1 32 0 142 8
LSTM 23 7 39 1 0 23 0 25 0 32 62 88
RNN 26 4 39 1 0 23 0 25 0 32 65 85
GRU 23 7 39 1 0 23 0 25 0 32 62 88
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better results for complex, noisy, and high-dimensional datasets
common in real-world applications. Its performance surpasses
traditional methods, which often struggle to detect low levels of
adulteration. Additionally, the ET and SVMmodels deliver near-
perfect results, further validating the potential of ML techniques
in this domain. SVM performs better because it handles high-
dimensional hyperspectral data efectively, fnding optimal
margins that separate subtle spectral diferences. Unlike trees
and KNN, SVM resists overftting, and unlike logistic regression,
it captures nonlinear class boundaries, making it well suited for
detecting fne adulteration patterns in honey spectra.

These fndings align with recent studies, such as [12], which
leveraged Vis–NIRs and ML techniques to achieve similar
classifcation accuracies. Furthermore, the existing literature
highlighted the advantages of DL models, such as CNN and
LSTM, in extracting high-dimensional features from

hyperspectral data, which aligns with the performance of CNN in
this study. However, LSTM, RNN, and GRU exhibited com-
paratively lower classifcation performance, particularly for the
intermediate adulteration levels (Classes 2 and 3), indicating
difculty in learning discriminative spectral patterns from the
relatively limited training dataset. Nevertheless, CNN demon-
strated superior robustness in capturing complex hyperspectral
features, achieving the highest DL accuracy of 94.67%. These
results suggest that the performance of recurrent DLmodels may
further improve with the availability of larger and more diverse
training datasets. Although the binary classifcation models
achieved very high classifcation accuracies, these results should
be interpreted carefully. The high performance is primarily at-
tributed to the rich spectral information provided by HSI, which
enables clear discrimination between pure and adulterated
honey samples. To minimize data leakage, the dataset was frst
divided into independent training and testing sets, and the
SMOTE was applied only to the training data. Consequently, the
testing samples remained completely unseen during model
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FIGURE 10 | Performance analysis under diferent training strategies: (a) accuracy (%) heatmap across models and sampling strategies, (b) overall
accuracy (%) comparison across models, (c) accuracy improvement over original data, and (d) accuracy vs. wrong predictions (bubble size shows wrong
predictions).

TABLE 12 | Results of cross-validation using 10-folds.

Model Accuracy Precision Recall F1 score
MLP 93.20 93.72 93.20 93.22
RF 91.20 91.82 91.20 91.12
ET 93.00 93.50 93.00 92.99
KNN 89.60 90.53 89.60 89.56
DT 89.20 89.98 89.20 89.17
SVM 69.40 69.73 69.40 68.31
LR 64.40 63.15 64.40 62.73

TABLE 13 | Performance analysis in comparison to existing
approaches.

Ref Model Classes Accuracy
5 SVM, LDA, NN 3 93% using SVM
7 ANN, SVM, KNN, RFR,

DT
2 0.979 with

ANN
12 SDA 3 95%
Proposed MLP 5 96.67%
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training. Nevertheless, because the dataset is relatively small,
there remains a possibility that the reported performance may be
optimistic. Furthermore, hyperspectral data often exhibit strong
spectral and spatial correlations that can increase classifcation
performance if samples are not completely independent. Al-
though every efort was made to maintain an independent
train–test split, future work will validate the proposed framework
using larger datasets collected from diferent acquisition ses-
sions, honey batches, and external sources to further assess the
generalization capability and robustness of the developed
models.

Despite achieving high classifcation accuracy, some limitations
persist. The variability in honey’s botanical origin and envi-
ronmental factors may impact the spectral signatures, empha-
sizing the need for a more diverse dataset to ensure
generalizability. Additionally, while both ML and DL models
show promise, scaling these methodologies for real-time in-
dustrial applications would require addressing challenges such
as computational efciency and the variability in large-scale
datasets.

Nevertheless, the integration of HSI with ML and DL techniques
represents a signifcant advancement in food quality assurance.
This approach enhances consumer trust and product authen-
ticity, particularly in the honey industry, where adulteration
remains a critical concern. The results afrm the potential of
these methods in ensuring the detection of adulteration with
exceptional precision and reliability.

4 | Conclusion

This study demonstrates a robust HSI-based framework for
identifying adulterated honey by exploiting refectance signa-
tures that capture subtle impurity variations. The core technical
contribution lies in systematically evaluating ML and DL models
for both binary and fne-grained multiclass adulteration de-
tection. SVM achieves a near-perfect accuracy (99.99%) in binary
classifcation, while MLP delivers superior performance (96.67%)
for fve-level adulteration recognition, validated through k-fold
cross-validation. Comparative analysis shows clear improve-
ments over existing methods. Although CNN performance is
promising, results indicate that larger hyperspectral datasets are
essential to fully realize DL’s potential in this domain.

In the future, we intend to expand the dataset to include honey
samples from diverse botanical origins and geographic regions.
In addition, optimizing computational models for real-time de-
tection in industrial settings is another potential consideration.
We also want to investigate advanced DL architectures, such as
3D-CNNs and Siamese neural networks, to enhance classifca-
tion accuracy.
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