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ARTICLE INFO ABSTRACT

Keywords: The increasing demand for high-quality vegetable oils has amplified the need for efficient, and accurate, oil
ESP32 recognition systems. This paper introduces the Portable Intelligent Oil Recognition System (PIORS), a pioneering
Food safety advancement in the field. PIORS stands as the first-ever portable, Al-powered device tailored for rapid and ac-
EFCF)X curate oil type identification, capable of delivering results within a mere five seconds. Using advanced machine
Oil recognition learning, PIORS can distinguish between various oil types such as sesame, black seed, flaxseed, and almond
PIORS oils, ensuring the quality and safety of the final product. The device’s innovative design integrates an advanced
sensor array with seamless Bluetooth connectivity, offering real-time data synchronization with mobile applica-
tions. Several Machine learning models, including Support Vector Machines (SVM), AdaBoost, Random Forest,
K-Nearest Neighbors (K-NN), Gradient-Boosting Decision Tree (GBDT), and Extreme Gradient Boosting (XGBoost)
were implemented and thoroughly validated to obtain correct categorization. The results show that the XGBoost
instantaneous classification algorithm continuously beat the competition, obtaining an astounding success rate
of 97 percent in predicting and differentiating between the four oil classes. PIORS not only sets a new standard
for speed and efficiency in oil quality assessment but also paves the way for groundbreaking applications in
food safety, environmental monitoring, and quality control processes. This paper details the development, im-
plementation, and validation of PIORS, showcasing its potential to revolutionize the agri-food industry with its

cutting-edge, Al-driven approach to oil recognition.

1. Introduction derivatization of fatty acids. This can introduce errors and biases, af-
fecting the accuracy and reliability of the results. Additionally, GC is

Vegetable oils are essential in a wide range of industrial and food primarily focused on analyzing volatile components, limiting its ability

applications [1]. With increased concerns about food quality and adul-
teration, there is a greater need for effective detection and recognition
systems for various types of oils [2]. Traditional approaches like Gas
Chromatography (GC) and Mass Spectrometry (MS) have been central
to the analysis and recognition of vegetable oils. These methods focus
on identifying and quantifying the fatty acid composition, which can
serve as a fingerprint for different types of oils. Despite their widespread
use, these traditional techniques have certain limitations [3]. The main
challenge with GC in analyzing vegetable oils lies in its extensive and
time-consuming sample preparation process, which often includes the
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to provide comprehensive insights into the complex matrix of vegetable
oils, especially for non-volatile minor components that can be crucial
for oil authentication and quality assessment [4]. MS, while powerful
for identifying and quantifying the molecular composition of vegetable
oils, comes with its own set of challenges. The complexity and high cost
of MS equipment can be prohibitive for some laboratories. The tech-
nique is also susceptible to matrix effects, where the presence of other
compounds in the sample can interfere with the accurate quantification
of target molecules. Regular maintenance and skilled operation are es-
sential for reliable MS analysis, adding to the operational overhead and
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requiring specialized knowledge [5]. The existing systems have several
drawbacks, including high operational complexity, long analysis times,
and vulnerability to environmental influences [6]. A comprehensive so-
lution that addresses these issues could considerably advance present
technologies. This paper describes an Al-powered vegetable oils recog-
nition system that uses metal oxide (MOX) sensors [7] and machine
learning techniques to classify various vegetable oils such as sesame,
black seed, flaxseed, and almond oils in real-time. For the interpreta-
tion of sensor data, common machine learning algorithms are used such
as Support Vector Machine (SVM), AdaBoost, Random Forest, K-Nearest
Neighbors (K-NN), and Gradient-Boosting Decision Tree (GBDT) [8].
Because of the growing demand for fast and accurate recognition of veg-
etable oils, particularly in quality control and fraud prevention [9], this
research is particularly pertinent. The contributions of the paper can be
summarized as follows:

+ Advanced Al Integration for Unmatched Accuracy: The system’s in-
tegration of advanced machine learning algorithms, including Sup-
port Vector Machine (SVM), AdaBoost, Random Forest, K-Nearest
Neighbors (K-NN), Gradient-Boosting Decision Tree (GBDT), and
particularly XGBoost, represents a significant technological ad-
vancement. The XGBoost algorithm, in particular, demonstrates ex-
traordinary performance, setting a new standard in the precision of
oil classification.

Innovation in Portability and Speed: PIORS revolutionizes the field
of agri-food technology by being the first to introduce a portable,
Al-powered intelligent oil recognition device. PIORS has the dis-
tinct capacity to quickly and reliably detect the type of oil, unlike
any previous systems. This rapid analysis is not just a leap in speed
but also in convenience, enabling on-the-spot, real-time testing in
various settings without the need for bulky or stationary equipment.
Seamless Connectivity and User-Friendly Interface: Beyond its ana-
lytical capabilities, PIORS is designed with the end-user in mind. It
features seamless Bluetooth connectivity that allows for real-time
data transmission to a mobile application, offering a user-friendly
interface for immediate display and interpretation of results. This
aspect of design not only enhances the usability of the device but
also ensures that it can be effectively utilized by individuals with
varying levels of technical expertise, thereby broadening its appli-
cability across different sectors of the agri-food industry.

2. Related work

Several different sensor technologies, including optical, electrochem-
ical, and electronic nasal sensors, have been utilized in food quality
monitoring [10]. Recently, there has been a surge in enthusiasm for
using metal oxide gas detectors for monitoring food quality due to their
great sensitivity and relatively low cost [11]. The electronic nose’s sen-
sors provide a wealth of information, and the idea of electronic olfac-
tometry relies heavily on the processing of the data produced by the
device. Applications for electronic olfactometry can be found in a vari-
ety of scientific domains, including environmental analysis [12], food
and drinks quality control [13], monitoring biological processes [14],
and even disease detection [15]. In recent years, research has begun
to combine sensor technology with machine learning algorithms in or-
der to provide real-time monitoring in the food business [16]. However,
applications that specifically focus on vegetable oils are still in their in-
fancy, making this a potentially fruitful area for additional investigation.
While the focus on vegetable oil applications is emerging, with studies
like [17] showcasing the use of gas chromatography-mass spectrome-
try (GC-MS SPME), organoleptic analysis, and Small Sensor Systems
(S3) for evaluating EVOO quality in Umbria, Italy, these approaches
reveal significant variations in volatile organic compounds. Although
S3 successfully differentiates among EVOOs, highlighting its speed and
cost-effectiveness, the method’s reliance on sensor systems introduces
potential challenges in sensor drift and environmental influence, not
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fully explored in this context. The study in [18] emphasizes Princi-
pal Component Analysis (PCA) for identifying unknown vegetable oils
through infrared spectra, underscoring PCA'’s ability to simplify complex
datasets. However, the practical application of such chemometric tech-
niques necessitates a deep understanding of multivariate data analysis,
possibly limiting its accessibility to specialists. In [19], Laser-Induced
Breakdown Spectroscopy (LIBS) offers a novel parameter for estimating
saturated fatty acids in oils based on the “Swan band” of C2 emission.
While this method shows a promising correlation between C2 emission
and fatty acid content, its specificity and sensitivity in broader appli-
cations remain unaddressed. Fourier Transform Infrared (FT-IR) spec-
troscopy’s utility in detecting oil adulteration, as demonstrated in [20],
benefits from enhancements like wavelength selection and multiplica-
tive signal correction (MSC). Despite its accuracy in identifying oils and
predicting physical properties, the technique’s effectiveness can be ham-
pered by the low selectivity for comparable substances. The research in
[21] presents an efficient ANN-based method for classifying oils such
as Canola and Soybean using induced fluorescence spectra. While this
approach allows for quick classification with minimal data manipula-
tion, the adaptability of the method to accurately detect adulteration
or subtle quality differences without extensive data preprocessing is not
clear. Furthermore, [22] delves into adulteration detection using fatty
acid profiles via GC/MS, combining unsupervised and supervised statis-
tical methods. Although it achieves sensitive adulteration detection to a
level of 10%, the methodology’s performance in the face of adulterants
closely mimicking target oil profiles is not thoroughly evaluated. The
potential for machine learning systems to analyze complicated sensor
data has been demonstrated in [23,24]. SVM, GBDT, and neural net-
works have all been used successfully to categorize various gases and
food items [25]. Overall, existing systems encounter challenges such
as sensor drift, the impact of environmental variables, and limited se-
lectivity among similar substances [26]. Despite recent advancements
showing promising avenues for authenticating and assessing the quality
of vegetable oils, these challenges highlight the essential need for ongo-
ing refinement and comprehensive validation of analytical techniques
within the agri-food sector.

3. Materials and methods
3.1. System description

The proposed project is based on an array of eight metal oxide (MOX)
gas sensors, each of which is linked to a microcontroller. The microcon-
troller unit (MCU) is in charge of controlling the sensors’ operations
and reading data from each one sequentially. As shown in Fig. 1, vari-
ous vegetable oils, including sesame, black seed, flaxseed, and almond
oils, are used for testing and classification. Next, the main controller is a
32-bit ESP32 microcontroller. The ESP32 is a low-cost, low-power sys-
tem on a chip (SoC) series created by Espressif Systems. It is notable
for its integrated Wi-Fi and dual-mode Bluetooth capabilities, making it
a popular choice for building Internet of Things (IoT) applications and
projects [27]. The MCU will preprocess all of the gathered data before
applying it to a ready-made machine-learning model that has already
been created and uploaded. The identification of the oil should be the
final outcome.

3.2. Hardware design of measurement system

The proposed Al-powered oil detection system is built around a pat-
tern recognition module and a series of gas sensors. This collection of gas
sensors contains several varieties, each with a different level of speci-
ficity. Each sensor can operate independently, transforming chemical
information from various gas mixtures into a detectable signal. Each
sensor’s unique sensitivity and selectivity results in a wide range of
responses from the sensor array as a whole. Then, the signal analysis
module examines these signals to accomplish the oil classification task.
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Fig. 1. Proposed Al-powered oil recognition overview.
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Fig. 2. Sensor Array and acquisition system.

Fig. 2 depicts a detailed breakdown of the planned project’s components.
The sensor array and the control system are the two primary compo-
nents of the hardware. The sensor array consists of an 8-sensor MOX
gas custom array using the BME688 sensor (Bosch Sensortec, Reutlin-
gen, Germany). A 32-bit ESP32 microcontroller with integrated 16 MB
Flash memory, Bluetooth and Wi-Fi, an SD card slot, a Real-Time Clock
(RTC), and a 1.5-watt lithium battery power the control system.

Fig. 3 shows that the BME 688 sensor has a size of 3.00 mm x 3.00
mm x 0.93 mm, which is relatively small compared to the human fin-
ger. The core of the gas sensor is a metal-oxide semiconductor layer.
When the sensor is heated and exposed to air, the metal oxide’s surface
interacts with the gases present. Different gases cause changes in the
surface chemistry of the metal oxide, altering its electrical resistance.
The BMEG688 periodically heats the MOX sensor to a high temperature
to clean the surface, ensuring accurate and stable readings over time.
This process also allows the sensor to differentiate between different
gases based on their specific interaction patterns with the heated metal
oxide. The presence of target gases in the environment changes the con-
ductivity or resistance of the MOX layer. By measuring these changes in
resistance, the sensor can determine the concentration of certain gases.
The pattern and magnitude of resistance change provide insights into the
type and quantity of gases present [28]. The BME688 sensor is equipped
to detect a broad spectrum of gases, notably Volatile Organic Com-
pounds (VOCs) which are prevalent in various environments due to their
emission from paints, adhesives, cleaning products, and office equip-
ment. These compounds are significant indicators of indoor air quality.
Additionally, the sensor is capable of identifying breath VOCs, which
emanate from human breath, and has applications in health monitor-

Fig. 3. The BME688 sensor. (https://www.bosch-sensortec.com/products/
environmental-sensors/gas-sensors/bme688/).

ing, highlighting its utility in non-invasive wellness and fitness tracking
devices. It also detects odorous gases, which are crucial for applications
aimed at maintaining or improving the ambiance of living spaces, such
as smart home systems that monitor and control air quality to ensure a
comfortable and odor-free environment [7].

The BME688 sensor is used as the foundation for electronic nose
technology. The electronic nose measures the resistance in the detecting
layer of the integrated MOX gas sensor. The sensor’s inherent unpre-
dictability and non-specificity are exploited in this study to construct
an electronic nose capable of distinguishing between different oil types.
Moreover, the BME688 sensor has two modes of operation: Sleep and
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Fig. 5. BME688 duty profile.

Forced [29]. Following the completion of the power-up procedure, the
sensor enters Sleep mode, during which it takes no measurements and
consumes the least amount of power. Heater Profile (HP) and Duty Cy-
cle (DC) are two of the configurable parameters that each sensor in the
array can use. The Heater Profile in the BME688 refers to the controlled
application of temperature cycles to the sensor’s metal-oxide (MOX) gas-
sensitive layer. This heating process is crucial for the sensor’s operation,
as the detection of gases by MOX sensors is highly dependent on the tem-
perature of the sensing element. The temperature profile that the sensor
runs through in ten steps during a scanning cycle is displayed in Fig. 4.
The heater profile is designed with a 10-step configuration, each step
having a duration set to 140 milliseconds, resulting in a total duration
from Step 1 to Step 11 of 1,400 milliseconds. At the end of each step, a
measurement is recorded and stored in the data.

By adjusting the duty cycle, the BME688 can significantly reduce
its power consumption. During idle periods, the sensor consumes less
power, which is critical for battery-operated devices such as smart home
sensors, wearable health monitors, and IoT applications. The duty cy-
cle determines how frequently the sensor takes measurements. A higher
duty cycle means more frequent measurements, leading to more real-
time data but at the cost of higher power consumption. Conversely, a
lower duty cycle reduces power usage but at the expense of data fresh-
ness and possibly resolution. In the proposed project, the duty cycle
with 5 scanning cycles and 10 sleeping cycles is implemented as shown
in Fig. 5. Using the built-in micro-hotplate, the sensor runs through a se-
ries of temperature steps by a certain Heater Profile during a Scanning
Cycle. Furthermore, the sensor is in sleep mode and does not take any
readings during a sleeping cycle [28].

The sensor commences a measuring cycle in Forced mode to collect
data on temperature (T), pressure (P), humidity (H), and gas resistance
(G). When this cycle is completed, the sensor returns to Sleep mode until
the next set of measurements is triggered. The BME688 includes built-in
registers for precise data collection. These registers allow the sensor to
be told to detect humidity or gas concentration only when necessary.
For the sake of this investigation, data is collected for all four types of
sensors at the same time.
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3.3. Design of a 3D oil recognition enclosure

The datasheet states that the BME688 sensor is incredibly sensitive
[30], and ought not to be touched directly. To protect the sensor array, a
special 3D enclosure is designed as shown in Fig. 6, which is compatible
with the main hardware parts shown in Fig. 2. Next, a 3D printer was
used to print the enclosure using polylactic acid (PLA). The device has
a height of 7.5 cm and a diameter of 4.3 cm. As seen in Fig. 6, there
is a primary power switch, an LED indication that shows whether the
device is ready for testing or not, and a particular area to input the tested
paper once it has been dropped with tested oil. The final findings will
be displayed through a mobile phone app.

3.4. Data acquisition

There are many different types of vegetable oils on the market; this
study uses four types of oils that have similar colors and are difficult to
identify by odor based on human smell. This is the most challenging as-
pect of this project: developing a system that can distinguish between
vegetable oils despite their identical color and odor. The target oils for
this project, as shown in Fig. 7, are sesame, black seed, flaxseed, and
almond oils, which will be utilized to assess the performance and ac-
curacy of the proposed Al-powered oil recognition system based on an
array of eight MOX sensors. Each of these oil types is essential in daily
life.

4. Datasets and model training
4.1. Training dataset

The dataset was collected using the electronics nose array sensors in
four trials. As shown in Fig. 7, the Al recognition main board is installed
inside a closed oil bottle with a 100-millimeter oil for data collection.
The bottle is completely closed and a small hole is opened for the power
cable, the same experiment was repeated with other types of oils. To
save power, every 140 milliseconds, readings from each of the eight
gas sensors are obtained, and saved to the SD card, then all sensors are
then put into sleep mode for an additional 140 milliseconds. Fresh val-
ues from the second sensor are taken and written into the SD card in the
second phase. The sensors then go back to sleep, Then the remaining sen-
sors undergo the same procedure. Each trial keeps raw data for around
30 minutes, generating almost 20,000 distinct measurements from the
eight MOX gas sensors for all types of oils as shown in Table 1. To assure
the correctness of the data, a mechanism for normalizing the environ-
ment between tests is required. After each trial, fresh air data is collected
for 30 minutes before testing the next variety of oil to minimize the en-
vironmental effect. The time resolution for the data acquisition used in
this study is 500 ms.

Upon conducting eight tests, over 40,000 data points were amassed
and saved to an SD card; half of these were disregarded as they were
associated with fresh air. Table 1 outlines the size of the dataset for
the four vegetable oils examined in the proposed study: Black Seed,
Flaxseed, Sesame, and Almond oils. Since these four oils are often simi-
lar in color and occasionally in scent, distinguishing between them using
human olfactory abilities is quite challenging. Consequently, the dataset
is complex and requires preprocessing before subjecting it to evaluation
through various machine learning algorithms.

4.2. Data preprocessing and visualization

In practical applications, it’s common to come across extensive
amounts of unstructured data that can be difficult for machine learning
algorithms to manage efficiently. As a result, preprocessing becomes
an essential preliminary step before applying various machine learn-
ing methods to the raw data. First, the data is zero-mean normalized.
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(b) Prototype.

Fig. 6. The 3D oil recognition enclosure.

(@) (b)

(c) (d)

Fig. 7. Data acquisition using an array of gas sensors. (a) sesame, (b) black seed, (c) flaxseed, and (d) almond oils.

Table 1
Dataset description.

Class No. of Samples No. of samples
(including fresh air data) (excluding fresh air data)

Black Seed Oil 10454 5454

Flaxseed Oil 9172 4172

Sesame Oil 10550 5550

Almond Oil 10000 5000

This step aims to simplify the data representation and potentially im-
prove the effectiveness of subsequent machine-learning techniques. Fea-
ture bias is mitigated by removing the mean from each feature. After
mean normalization, the dataset comprises multiple features captured

at different time intervals. To simplify the data, dimensionality reduc-
tion techniques were employed such as Principal Component Analysis
(PCA). This study uses the Scikit-learn library for data preprocessing and
training the ML models. Fig. 8 highlights the first two principal compo-
nents as determined by PCA, which were derived from measurements
of sesame, black seed, flaxseed, and almond oils.

The figure reveals that after preprocessing, the different classes are
effectively grouped. This dimensionality reduction not only removes ir-
relevant features but also sets a strong foundation for the following clas-
sification steps. The distinction between various classes becomes evident
at each stage of the process. The array of sensors measures 4 important
parameters including temperature (°C), humidity (%), pressure (Pa), and
gas resistance (w). The first three parameters, i.e. temperature, humid-
ity, and pressure should remain constant for the same environmental
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Fig. 8. PCA analysis for different oil types (i.e., sesame, black seed, flaxseed, and almond oils).
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Fig. 9. The gas resistance readings for (a) almond oil, (b) black seed oil, (c) flaxseed oil, and (d) sesame oil.

condition. The value of gas resistance will change according to the ex-
amined oil odor, it plays an important role in the oil recognition task in
this study. During the data cleaning and preparation stage, the variances
among the four different types of oils i.e., Black Seed, Flaxseed, Sesame,
and Almond oils are analyzed by plotting the sensor array’s outputs.
Specifically, Fig. 9 provides a comprehensive analysis of the response of
each of the eight sensors to black seed oil over a specified period.

It is evident from these graphs that the changes in gas resistance, ex-
pressed in ohms (2), are directly related to the volatile substances that
leaked from the oils in the hermetically sealed containers. One key ob-
servation was the substantial variations in sensor output throughout the
measurement period. This dynamic change in output signifies that the
sensor’s interaction with the volatile compounds is complex and changes
over time. What is particularly interesting from these graphical repre-
sentations is the clear distinction in sensor responses when different oils
are subjected to measurement. In other words, the data extracted from
the sensor array showed noticeable differences, depending on which one

of the four oils was placed in the testing environment. This point un-
derscores the complexity and uniqueness of each oil type and further
justifies the need for sophisticated machine-learning models for accu-
rate classification. Fig. 10 displays the raw sensor data collected during
a standard sampling cycle in the PIORS. In this figure, the gas resistance
readings from each of the eight individual sensors are plotted through
separate channels, each represented by a distinct color curve. The curves
demonstrate a consistent pattern: they show a rapid initial increase, fol-
lowed by a more gradual alteration, and then finally a swift decrease.
This behavior aligns well with the commonly understood attributes of
MOX sensors, known for their quick responsiveness but slower recovery
times.

Moreover, as illustrated in Fig. 7, the layout of the eight sensors
on the main measuring board is deliberate and strategic. Some sensors
are located closer to the oil samples than others, and this proximity
variance contributes to the unique sensor responses to the same oil type.
These differential sensor outputs come together to form a composite
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“fingerprint” of the sample. This fingerprint serves as the basis for the
subsequent Pattern Identification (PI) process, using machine learning
techniques to classify the different types of oils based on their distinct
Sensor responses.

4.3. Model selection

The experiments use seven machine learning methods as listed in this
section for oil-type classification. Each model is created and examined
independently, and then the results of the analyses are compared to find
the best-performing model.

Multi-layer perception (MLP). A Multi-layer Perceptron (MLP) is a sort
of feedforward artificial neural network that has at least three layers:
the input layer, one or more hidden layers, and the output layer. Except
for those in the input layer, all nodes make use of a nonlinear activation
function. These MLPs are frequently used in supervised learning tasks
as well as a wide range of scientific and engineering problems [31].

AdaBoost. AdaBoost, an acronym for “Adaptive Boosting,” is a tech-
nique in ensemble learning mainly designed to enhance the efficacy of
classification models, though it can be modified for regression problems
as well. Created by Yoav Freund and Robert Schapire in 1995, Ad-
aBoost’s fundamental idea is to train a series of weak learners—models
that perform just slightly better than random chance, like small deci-
sion trees—on varying sets of the data. These weak learners are then
amalgamated to form a single, more robust model [32]. For tasks like
odor classification, where data can be imbalanced or particular classes
can be more difficult to distinguish, AdaBoost could be a useful tool.
It can focus more on the difficult-to-classify instances, thus improving
the overall model’s performance. However, care should be taken if the
dataset has a lot of noisy data or outliers, as AdaBoost might overem-
phasize these instances [33].

K-Nearest Neighbors (KNN). K-Nearest Neighbors (KNN) is a straight-
forward but powerful method utilized for both classification and regres-
sion in machine learning. Unlike model-based approaches, KNN is an
instance-based learning technique, which means it relies on the com-
plete dataset for decision-making. In the context of odor classification,
KNN can transform sensor data into feature vectors and employ an
appropriate distance metric to identify the K closest odors in that fea-
ture space. This makes KNN especially valuable when the association
between sensor measurements and types of odors is intricate and non-
linear, as the algorithm doesn’t assume any specific data distribution
[34].

Random forest. Random Forests is an ensemble learning method used
for classification, regression, and other tasks. It operates by constructing
a multitude of decision trees during training and outputs the class that is
the mode (for classification) or the mean (for regression) of the classes
or values output by individual trees. Random Forests was developed
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by Leo Breiman and Adele Cutler, building on earlier work on bagging
and the random subspace method [27]. For odor classification tasks,
Random Forests can be highly effective due to their ability to model
complex relationships in the data. Sensor readings from an electronic
nose can be used as features for the Random Forest model. Given the
robustness of Random Forests to overfitting and their ability to capture
feature importance, they can offer significant advantages in discerning
subtle differences between various types of odors [35].

Support vector machine. A supervised learning approach called Sup-
port Vector Machine (SVM) is employed for classification and regression
problems. It aims to find the hyperplane that best divides a dataset into
classes. The term “support vector” refers to the data points that are clos-
est to the hyperplane, and these points essentially “support” or define
the separating line or hyperplane. SVM was developed by Vladimir Vap-
nik and his colleagues in the 1990s [36]. SVM can be applied to odor
classification tasks where high-dimensional sensor data is involved. The
algorithm can effectively separate complex odor classes using hyper-
planes in a high-dimensional space. This makes it well-suited for appli-
cations where sensor readings from electronic noses or similar devices
are used to identify different types of odors [37].

Gradient Boosting Decision Tree (GBDT). Gradient Boosting Decision
Trees (GBDT) is an ensemble learning method that aims to build a strong
predictive model in the form of an ensemble of weak predictive models,
typically decision trees. It’s particularly useful for regression and classi-
fication problems, as well as ranking tasks. The concept was popularized
by statisticians like Leo Breiman and Jerome Friedman [38]. Moreover,
GBDT often yields high-accuracy models and is one of the best off-the-
shelf algorithms for a wide range of machine learning tasks [39]. In the
context of odor classification, GBDT can be a powerful tool for creat-
ing highly accurate models based on sensor data from electronic noses
or other sensory equipment [40]. Let {x;, y;}}" = 1 represent the sample
data, where x; = (xy;,xy;, ..., x,;) represent the features, and y; indicates
the class label. The detailed steps involved in the Gradient Boosted De-
cision Trees (GBDT) process are outlined below [41], as:
The starting constant value y is determined as follows:
m
Fy(x) = argmin <—7 L(y;, 7)> 1)
i=1

Where L(y;,y) represents the loss function. Subsequently, the residual
in the direction of the gradient is expressed as:

@

L+ [0LGu Fx)
- dF(x;)

] (f)=f(-1)(%))
where n represents the number of iterations, and n = 1,2,..., N. The
original prototype, denoted by T'(x;,a,), is derived by fitting it to the
sample data. The parameter «, is computed using the least squares
method, as follows:

m

a, = argmina,ﬁ Z (ﬁ, - ﬂT (xi;a))z (3)

i=1
By optimizing the loss function, the weight of the present version is
formulated as:

m

Yo = argmin, 2 L (y,-, F,_1(x)+yT (xl-;an)) “4)
i=1

The model is then updated iteratively until the conditions for conver-
gence are satisfied:

F,(x)=F,_,(x)+7y,T (x,-;(xn) ()
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4.4. XGBoost algorithm

The XGBoost algorithm, developed by Chen and Guestrin [42], builds
upon the framework of Gradient Boosted Decision Trees (GBDT). It has
gained considerable attention for its exceptional performance in ma-
chine learning competitions on platforms like Kaggle [43]. Unlike GBDT,
XGBoost incorporates a regularization term into its objective function to
mitigate the risk of overfitting. This is how the objective function is de-
scribed:

n

O=2L vi. F

i=1

+2Rn ©®)

In this equation, R (f}) represents the regression term at k' itera-
tion and C is a constant that may be optionally excluded. The R ( f k)
signifies the regularization component at the k*" iteration:

H
R(fk)zaH+%19zle2. %)
p=

In this explanation, R ( f k) embodies the regularization term and is
influenced by several elements. H is the total number of leaves, 9 is the
penalty variable, and w; is the output associated with each individual
leaf node. Specifically, the leaves serve as the predicted categories based
on the established classification rules, while a leaf node refers to a ter-
minal node in the tree that isn’t subject to further splitting. In contrast
to GBDT, which approximates its objective function using a first-order
derivative, XGBoost uses a second-order Taylor series. When using mean
square error as the loss function, the goal can be expressed as:

H
1 2
[1’1 <q, o(x )>]+aH+219j§1wj 8

In this setup, ¢ (x,-) serves as a function that maps data points to
their respective leaves. The overall loss is computed by summing up the
individual loss values. Because data samples are mapped to decision tree
structure (DT), the total loss can be ascertained by adding together the
loss scores associated with each leaf node. Consequently, the objective
function can also be articulated as a summation of the individual loss
values for each leaf node in the decision tree as:

T
o=2[p,wj+%(g,-+z9)w§]+a1{ ©
=1

Where P; = Zielj pi» Q; = Zielj g;> and I; represents all samples
located in leaf node j. In summary, optimizing the objective function is
essentially transformed into the task of finding the minimum point of a
quadratic function. Furthermore, the inclusion of a regularization term
enhances XGBoost’s capability to resist overfitting.

5. Performance evaluation

Every machine learning model that was chosen was trained in or-
der to assess how well it performs based on five essential evaluation
measures: recall, precision, F1 score, Kappa, and Hamming Loss. The
calculation of precision is determined by taking the number of True Pos-
itives (TP) and dividing it by the combined count of True Positives and
False Positives (FP).

Precision = _TP (10)
TP+ FP

Additionally, the Recall is calculated to gauge the model’s effective-
ness in correctly identifying positive samples. This was determined by
dividing the number of True Positives (TP) by the combined total of
True Positives and False Negatives (FN). This proportion represents the
correctly identified positive cases in relation to all actual positive cases.

TP

Recall = ———— 11
TP+ FN
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For a comprehensive assessment of a model’s effectiveness, it’s cru-
cial to take into account both precision and recall. To achieve this, the
F1 score is calculated which is the harmonic mean of both recall and
precision, providing a well-rounded insight into the algorithm’s behav-
ior:

Precision X Recall

F, =2X —— 12
1 score Precision + Recall 12)

Additionally, the Kappa statistic is a vital measure, notably benefi-
cial for gauging model efficacy on datasets with class imbalances. This
metric offers a numerical representation of a classifier’s accuracy. While
the theoretical value of Kappa lies between -1 and 1, for the purposes of
this study, it has been normalized to a range between 0 and 1. A greater
Kappa score suggests superior performance in classification tasks. As-
suming N denotes the total number of predictions made, the formula
for calculating Kappa can be found in Equation (13)

Py—P

Kappa = —Pe 13)
e
where,
4
-, TP;
PFL’—;\I ’ (14
and
4
- |[(TP;+ FP;)x (TP;+ FN;,
p, = Zizt I( D) ( )] as)

N X N

Furthermore, Hamming loss [44] serves as an alternative metric use-
ful for evaluating the effectiveness of models designed for multi-class
classification. Hamming loss reflects the rate of misclassified labels. A
zero value means 100% accuracy. In the equation for this metric, N de-
notes the total number of predicted samples, and M denotes the number
of unique class labels. The mathematical expression for Hamming Loss
is detailed in Equation (16).

N
NXMZ

i=1j

Mz

Hamming loss (y, ) = XOR y,j,y”) (16)

In this context, y and J represent the actual class label and the pre-
dicted class label, respectively.

6. Results and validation

In the development phase of the proposed oil recognition system, this
study conducted two distinct experiments to thoroughly evaluate the
performance of the models: one experiment using pure oil samples and
another using mixed (impure) oil samples. This dual approach allowed
for a comprehensive analysis of how the models perform under different
real-world scenarios.

The first experiment involved testing seven distinct machine learning
algorithms with pure oil samples of sesame, black seed, flaxseed, and
almond oils. Key performance indicators, including accuracy, F1 score,
Kappa statistic, and Hamming Loss, were assessed and reported for each
model to determine their effectiveness in distinguishing between these
similar oils.

The second experiment extended the dataset by incorporating mixed
oil samples with varying purity levels (90%, 80%, and 70%). These
mixed samples aimed to evaluate the models’ ability to accurately clas-
sify oils when impurities were present, simulating practical conditions
where oils may not be entirely pure.

For both experiments, the dataset was divided into three subsets for
training, validation, and testing:

 Training Subset: The largest subset, constituting 80% of the total
data (including both pure and mixed samples), was used for training
the models.
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BLACK SEED OIL
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AdaBoost RF

(a)

SESAME OIL
MLP
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AdaBoost RF
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Fig. 11. Performance indicators including recall, F1 score, and precision are used to assess how well machine learning classifiers perform for the four types of oils,

(a) flaxseed, (b) black seed, (c) sesame, and (d) almond oils.

- Validation Subset: 10% of the data was reserved for model valida-
tion, allowing fine-tuning of the models’ parameters based on both
pure and impure sample scenarios.

» Testing Subset: The remaining 10% of the data, including both
pure and mixed oil samples, was used to evaluate the models’ per-
formance and their generalization ability in distinguishing between
pure and impure oils.

The results from both experiments were compared to identify the
most effective model. In the pure oil experiment, tree-based ensemble
methods, particularly XGBoost, demonstrated high accuracy and con-
sistency. In the mixed oil experiment, the XGBoost model continued
to outperform others, though with a slight decrease in accuracy as the
level of impurity increased. This comprehensive evaluation confirmed
the robustness of the models, providing valuable insights into their ap-
plicability and reliability under varying conditions.

6.1. ML model performance

When choosing the ML model, the ultimate criterion is the quality
of the model’s output i.e., the one that yields superior performance.
Evaluating a model’s efficacy in this specific scenario necessitates a
comprehensive set of metrics, such as accuracy, precision, recall, and
the F1 score. All these metrics have been computed for the machine
learning models deployed to classify the various vegetable oils, which
include almond, black seed, flaxseed, and sesame oils. The results from
the seven tested machine learning algorithms are visually represented in
a radar chart, as shown in Fig. 11. This chart illustrates significant fluc-
tuations in accuracy levels across the different machine-learning models.

It’s important to note that the dataset is inherently complex due to the
selection of four types of oils that are visually similar in color and nearly
indistinguishable in odor. In evaluating the performance of machine
learning algorithms across four distinct oil types, it becomes evident that
the effectiveness of these models varies significantly. The Support Vector
Machines (SVM) algorithm, for instance, showcased notably poor per-
formance, achieving an accuracy rate of only 33%. Its F1 scores, which
gauge the balance between precision and recall, exhibited considerable
variation—ranging from a mere 1% to 41% across different oil types.
This inconsistency suggests potential challenges in SVM’s predictive ca-
pability, which might stem from its sensitivity to kernel selection or
feature space scale. Closely following in terms of underperformance,
the Multi-Layer Perceptron (MLP) recorded an accuracy of 41%, with
F1 scores fluctuating between 2% and 68%. The variability in F1 scores
across oil categories highlights the complexities inherent in classifying
nuanced datasets, indicating a pressing need for further refinement of
these models or the exploration of alternative algorithms that might
better navigate such variability. Conversely, the K-NN and AdaBoost
models yielded more promising results, with average accuracy rates of
60% and 67%, respectively. Moreover, models like Random Forests and
Gradient Boosting Decision Trees (GBDT) stood out for their exceptional
performance, boasting average accuracies of approximately 96% and
94%, respectively. The standout performer, however, was Extreme Gra-
dient Boosting (XGBoost), which not only achieved the highest accuracy
at 97% but also maintained remarkable consistency in F1 scores, ranging
between 93% and 98%. These outcomes underscore the effectiveness of
ensemble methods and tree-based models in handling the complexities
of oil-type classification. They demonstrate the potential of such models
to achieve high predictive accuracy and reliability, especially in tasks
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Table 2
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Evaluation results of vegetable oils’ recognition efficacy for various machine learning
algorithms (Best values are in bold letters).

ML Model ~ Accuracy  F1score  Recall Precision  Kappa Hamming loss
MLP 0.4166 0.2677 0.3769 0.2717 0.1507 0.6471
AdaBoost 0.6788 0.6476 0.6839 0.7438 0.5759 0.3212
k-NN 0.6002 0.6020 0.6074 0.6000 0.4669 0.3998
RF 0.9633 0.9619 0.9621 0.9618 0.9510 0.0367
SVM 0.3331 0.2807 0.3526 0.4367 0.1295 0.6669
GBDT 0.9400 0.9375 0.9383 0.9373 0.9199 0.0600
XGBoost 0.9670 0.9656 0.9659 0.9654 0.9560 0.0330
Table 3
Performance Metrics for ML Models with Mixed Oil Samples.
ML Model Purity Level ~ Accuracy  F1 Score  Kappa Hamming Loss
XGBoost 90% Pure 94-95% 91-94% 0.93-0.94 0.05
80% Pure 90-92% 87-91% 0.89-091  0.08
70% Pure 85-87% 82-86% 0.84-0.86  0.12
Random Forest (RF) 90% Pure 91-93% 89-92% 0.91 0.06
80% Pure 88-90% 84-89% 0.88-0.89  0.09
70% Pure 82-85% 78-83% 0.80-0.82  0.14
Gradient Boosting Decision Trees (GBDT) 90% Pure 89-91% 87-90% 0.88 0.07
80% Pure 85-88% 82-86% 0.85 0.11
70% Pure 80-83% 76-81% 0.78 0.15

characterized by complex and nuanced data. Notably, the success of
Random Forests and GBDT can be attributed to their robustness against
overfitting and their capacity to model complex, nonlinear relationships.
XGBoost, in particular, distinguishes itself through its advanced regu-
larization techniques and efficient handling of sparse data, making it
exceedingly effective for this classification challenge. The algorithm’s
flexibility in model tuning and its ability to incrementally improve weak
learners underscore its superiority, positioning XGBoost as the most re-
liable choice among the evaluated models. These findings highlight the
varying adaptability and efficiency of machine learning algorithms in
classifying complex datasets, such as different types of oils. The stark
contrasts in performance further emphasize the importance of meticu-
lous model selection and parameter optimization, tailored to the unique
characteristics of the data at hand.

The final evaluation metrics for each oil type in this study are meticu-
lously presented in Table 2. This table encompasses crucial performance
indicators, including accuracy, and macro averages of F1 score, preci-
sion, and recall, as well as the Kappa coefficient and Hamming loss.
Out of all the machine learning models that were rigorously tested, the
XGBoost method stood out as the most effective. This model not only
achieved a remarkable accuracy rate of 97% but also boasted an F1 score
ranging between 93% and 98%, making it highly reliable for both preci-
sion and recall. In terms of Hamming Loss, which measures the fraction
of incorrect classifications, the XGBoost model recorded a low score of
0.041, suggesting a high rate of accurate label predictions. Furthermore,
the Kappa statistic, a measure that is especially useful for gauging model
performance on unbalanced datasets, was also notably high at 0.97 for
the XGBoost algorithm. Given these robust and compelling performance
metrics, it becomes evident that the XGBoost algorithm outperforms its
counterparts. Therefore, it has been selected as the most effective and
reliable model for the classification tasks involved in this particular re-
search endeavor.

XGBoost has more likely outperformed due to the inherent capabili-
ties such as capturing non-linear relationships, implicit feature selection
by prioritizing the most informative features, and built-in regularization.

6.2. Performance evaluation with mixed oil samples

To comprehensively evaluate the robustness and adaptability of the
proposed oil recognition system, two distinct experiments were con-
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ducted: one using pure oil samples and the other using mixed oil samples
with varying purity levels (90%, 80%, and 70%). The results for the
mixed oil samples across different machine learning models are summa-
rized in Table 3.

6.2.1. Results and analysis

1. 90% Pure Samples: At 90% purity, the XGBoost model demon-
strated its robustness with an accuracy rate of 94-95%, a minor decrease
from its performance with pure samples. The F1 score ranged between
91-94%, reflecting the model’s consistency in maintaining precision and
recall even when slight variations were present. The Kappa coefficient
was high, between 0.93-0.94, indicating a strong agreement between
predicted and actual labels. The Hamming Loss remained low at 0.05,
suggesting a minimal impact on the system’s reliability when the oil pu-
rity is only slightly compromised. The Random Forest (RF) and Gradient
Boosting Decision Tree (GBDT) models also performed well but with
slightly lower metrics than XGBoost. RF achieved an accuracy range
of 91-93%, while GBDT recorded 89-91%. Their F1 scores remained
consistent, indicating that tree-based ensemble methods are suitable for
managing small impurities in the samples. These results confirm that PI-
ORS, utilizing these models, can reliably classify oils even when minor
impurities are present.

2. 80% Pure Samples: As the oil purity dropped to 80%, the mod-
els exhibited a more noticeable decline in performance. The XGBoost
model maintained an accuracy rate between 90-92%, with F1 scores
ranging from 87-91%. The Kappa coefficient decreased slightly to 0.89-
0.91, demonstrating the model’s adaptability but also indicating the
challenges posed by increased impurity levels. The Hamming Loss in-
creased to 0.08, reflecting a moderate rise in the fraction of misclas-
sified samples. RF and GBDT models followed this trend, with RF’s
accuracy dropping to 88-90% and GBDT’s to 85-88%. Their F1 scores
showed variability, with RF ranging from 84-89% and GBDT from 82-
86%. These results suggest that while the models remain effective, their
performance begins to degrade more significantly as impurity levels in-
crease.

3. 70% Pure Samples: At 70% purity, the models encountered sig-
nificant challenges. The XGBoost model’s accuracy declined to 85-87%,
and its F1 score dropped to 82-86%. The Kappa coefficient further
reduced to 0.84-0.86, indicating that, although XGBoost still outper-
formed the other models, its ability to accurately classify the oils was
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Fig. 12. Al-powered oil recognition prototype: (a) dropping oil on tested paper. (b) tested paper is saturated with oil before testing. (c) placing the tested paper

within the testing slot (d) display the results via a mobile app.

impacted by the higher level of impurity. The Hamming Loss value rose
to 0.12, showing an increased rate of incorrect classifications. The RF
and GBDT models experienced even greater performance reductions,
with RF achieving 82-85% accuracy and GBDT reaching 80-83%. Their
F1 scores reflected these challenges, ranging between 78-83% for RF
and 76-81% for GBDT. These findings highlight that while PIORS can
still classify oils at 70% purity, the effectiveness of the system is consid-
erably diminished when dealing with such high levels of impurity.

The results from the mixed oil sample tests reveal that XGBoost re-
mains the most reliable and accurate model across varying purity levels.
However, the system’s performance does decrease as impurity levels in-
crease, indicating the challenges associated with distinguishing oils that
are not entirely pure. Ensemble methods like RF and GBDT also follow
this trend, but with a more significant impact, demonstrating that while
they are effective with minor impurities, their reliability diminishes
more rapidly as purity levels decrease. These insights are crucial for
further development of PIORS, as they indicate the need for continued
model refinement and optimization to enhance the system’s robustness
in handling various levels of oil purity. By incorporating models that
adapt well to such variations, PIORS can achieve a higher level of ac-
curacy and reliability in real-world scenarios, ensuring its effectiveness
for food quality assessment and safety applications.

6.3. Model deployment with embedded microcontroller

After a comprehensive evaluation of multiple machine learning al-
gorithms to pinpoint the most proficient model, the next key phase
involves deploying the XGBoost model into a real-world production set-
ting. The best-performing model is then deployed in the testbed using
a microcontroller, and the programming language of choice for this
environment is C++. There are three primary methods for adapting
the model for C++ implementation including OpenCV, TensorFlow, or
ONNX Runtime [45]. Among these, TensorFlow offers more features. It
offers a C++ API to facilitate seamless integration into microcontroller-
based applications [46]. This API is constructed using a set of low-level
programming paradigms, including both class structures and functions
native to C++. Once the machine learning model is successfully con-
verted through this API to get the C++ source files. These source files are
not just transpositions of the original model but are optimized to run effi-
ciently on microcontroller units (MCUs). This process effectively stream-
lines the transition from a theoretical model to a deployable application,
thereby enabling the introduction of the machine-learning solution into
real-world scenarios. The availability of these C++ source files marks
a crucial step towards operationalizing MCU applications, facilitating
both immediate and future deployments of the machine learning model
across various applications.
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6.4. Prototype performance

Within the framework of this research endeavor, a cutting-edge pro-
totype has been meticulously designed and fabricated to cater to the
increasingly complex demands of oil identification and classification.
Utilizing advanced 3D printing techniques, a multi-dimensional enclo-
sure was crafted to securely house the pivotal components of the system,
notably the sensor-laden hardware testing board and an ESP32 micro-
controller. This integrated setup is energized by a lithium battery, a
layout explicitly detailed in Fig. 12. The operational procedure for oil
sample evaluation has been rigorously delineated to ensure accurate
and reliable results. Initial steps involve depositing oil droplets onto
a specifically engineered absorbent medium, as visualized in Fig. 12.
(a). This absorbent paper (Blulu-Tissues Oil -67) was selected after com-
prehensive testing for its unparalleled ability to imbibe oil, surpassing
the performance of other commercially available alternatives. Once the
paper is saturated with the oil sample as shown in Fig. 12. (b), it is
carefully placed within the device’s designated testing chamber, as cap-
tured in Fig. 12. (c). An additional salient feature of this prototype is the
integration of a built-in Bluetooth module within the ESP32 microcon-
troller. This integration facilitates seamless communication with mobile
applications, thereby enabling real-time display of test results as shown
in Fig. 12. (d). Moreover, the system is characterized by its remarkable
energy efficiency, enabled by a 400-mA lithium battery that permits un-
interrupted 24-hour operation. This efficiency is further exemplified by
the device’s rapid predictive analytics capabilities, delivering classifica-
tion results within an impressive five-second timeframe.

7. Conclusion

In conclusion, this study introduces the groundbreaking Portable
Intelligent Oil Recognition System (PIORS), marking a significant ad-
vancement in the agri-food technology sector. As the first device of its
kind, PIORS revolutionizes oil quality assessment by combining porta-
bility, rapid analysis, and Al-driven precision. This innovative system
is capable of identifying oil types within an unprecedented five-second
timeframe, setting a new benchmark for efficiency and convenience. At
the core of PIORS is a sophisticated array of machine learning models,
with XGBoost demonstrating remarkable accuracy, achieving a total ac-
curacy rate of 97%, and F1 scores ranging between 93% and 98%. This
integration of advanced machine learning not only bolsters the system’s
reliability but also transforms quality control processes, offering real-
time, actionable insights. Furthermore, PIORS’s user-friendly design,
featuring seamless Bluetooth connectivity and real-time synchroniza-
tion with mobile applications, ensures that users have immediate access
to critical data. The introduction of PIORS represents a paradigm shift
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in the agri-food industry, highlighting the transformative potential of
Al-powered solutions in enhancing food safety, environmental monitor-
ing, and quality assurance practices. As a trailblazer in oil recognition
technology, PIORS is poised to redefine industry standards and catalyze
further innovation in the field.
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