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ABSTRACT

VSLCloud offers an online, LoRa-compatible cloud-based intoxication detector, an innovative vehicular safety technology that can
prevent driving while intoxicated. Complementing the traditional use of in-car sensors, the VSLCloud system embeds cloud connectivity
with loT-enabled sensors to continuously evaluate intoxication levels and send the results to central authorities. It has the capability, in
extreme conditions, of calling for alerts or disabling the car by an incapacitated driver. This paper provides an original algorithm,
VSLCloud, and compares the same with recognized machine learning-based techniques, i.e., Random Forest (RF), Support Vector
Machine (SVM), and Deep Neural Networks (DNN). Test case-based experimental evaluation through ten diverse test scenarios
confirms that the VSLCloud surpasses all these techniques by providing the maximum level of accuracy, the fastest response time, and
the maximum level of reliability. For example, the VSLCloud achieved a maximum level of accuracy up to 96.2%, the lowest delay of
120-150 ms, and reliability over 99% in complex scenarios. These results prove the feasibility of the VSLCloud-based system of
processing real-time information, fast enough for timely determination, and providing reliable performance through widely fluctuating
conditions. The newly designed platform points towards enormous advances towards the development of smart, responsive, and scalable
automobile-based safety solutions with great promise toward reducing the incidence of accidents involving intoxication.

https://creativecommons.org/licenses/by-nc/4.0/
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1 Introduction acuity, hence increasing the likelihood of a vehicular crash.
Alcohol-impaired driving constitutes around forty out of a
hundred of all vehicular accidents. Driving under the influence
continues to be a widespread and deadly problem worldwide,
with considerable repercussions for both society and the
economytt:

Contemporary traffic collisions are predominantly attributed to
driving under the influence of Alcohol. Intoxicated drivers
exhibit irregular behavior and are susceptible to impetuous
decision-making, jeopardizing the safety of all road users,
including themselves. Nigeria has enacted legislation prohibiting
drivers from consuming Alcohol before or during the operation The MQ-3 is a device used to assess the quantity of Alcohol in
of a vehicle and has assigned law enforcement personnel to individuals' blood or breath. Its purpose is to limit the number of
apprehend and prosecute offenders™. accidents that occur when driving while under the influence of
Alcohol. The apparatus can determine the quantity of ethanol
present in the atmosphere through the utilization of an Arduino
equipped with an alcohol sensor 1,

The primary cause of traffic accidents is human factors, such as
weariness, exhaustion, and tension. These factors, in conjunction
with drivers' infractions of traffic laws and driving behavior,
primarily constitute the majority of accidents. The consumption Alcohol consumption and vehicular operation remain a primary

of alcohol compromises a driver's judgment and reduces visual contributor to road accidents and fatalities globally; hence, the
. i detection of Alcohol in drivers has been extensively researched
Corresponding authior throughout the years. To reduce the incidence of drunk driving
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and enhance road safety, many methods have been devised and
implemented to measure alcohol levels in drivers. According to
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the National Highway Traffic Safety Administration (NHTSA),
28% of all traffic fatalities in the United States in 2019 were
attributable to drunk driving. This equates to one alcohol-related
fatality approximately every 52 minutes. According to the
European Commission, over 10,000 deaths occur annually in the
European Union due to alcohol-related incidentstl.

The usage of vehicles has escalated significantly in contemporary
society. Due to inadequate emergency services, heightened
vehicular traffic has caused an increase in traffic crashes,
resulting in several fatalities and property damage. The annual
mortality rate results from delays in rescue operations.
Nevertheless, automobiles are integrated with cutting-edge
technology. The incidence of accidents will continue to increase
daily, owing to delays in relaying information to the relevant
authorities or in executing rescue operationst?,

Alcohol consumption is seen as a significant hazard to the lives,
health, and safety of employees and bystanders. The detrimental
consumption of Alcohol is a primary risk factor for public health
and a significant cause of mortality globally. A World Health
Organization report indicates that Alcohol ranks third among the
risk factors for human health, with over 60 diseases and injuries
linked to its consumption. Alcohol use disorder (alcohol
addiction) is a severe condition with extensive implications for
life and health[.

1. 1 Objective

The primary objective of this study is to install alcohol sensors in
the car. To achieve this, the research will focus on driver testing
the alcohol level before starting the vehicle to evaluate its
effectiveness in detecting alcohol levels. This involves installing
asensor to read the driver's alcohol level by blowing. On the other
hand, a better and more accurate system than the previous ones
have been installed. After that, if the driver drinks Alcohol while
driving, our system will continuously recover the amount, and if
he deviates from the specified amount, it will alert the driver
through an alarm and turn on the emergency flasher. By
addressing these objectives, the study aims to help alcohol-
detecting techniques achieve these points, such as providing a
comprehensive evaluation, enhancing detection accuracy, or
offering new insights into alcohol detection technologies.

1. 2 Significance of our Study

Drunk driving is still a significant problem in the world today,
resulting in thousands of avoidable collisions, injuries, and deaths
annually. The recurrence of drunk driving events on the road
underscores the need for more proactive, technologically driven
solutions to stop this lethal behavior, even in the face of
legislation and enforcement efforts. The creation and
implementation of alcohol detection technologies in automobiles
may be essential to lowering the number of collisions brought on
by drunk driving.

1. 3 Limitations

Such data can be very sensitive, including alcohol levels and
driving behavior, which might also be sent to some centralized
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servers in an loT system and can cause breaches if security is not
implemented correctly. The success of real-time monitoring and
transmission of data depends mainly on good internet
connectivity. The system might fail to work in places with poor
network coverage. Alcohol sensors could deteriorate with time,
hence providing incorrect measurements due to temperature
increase, humidity, or possibly other environmental
contaminants. This could also mean that vast volumes of data
from many vehicles may be burdensome to the system and could
introduce delays or reduced performance in real-time
applications. Using such systems raises many ethical and legal
questions concerning liability if the system fails or if a user does
not accept the invasive monitoring well. 10T devices contribute
to e-waste and may have a carbon footprint due to the energy used
for sensors, data processing, and storage in the cloud.

2 Related works

Based on what has been previously mentioned,?
developed a health monitoring system that signifies a substantial
advancement in the area by addressing existing solutions' limits
through a holistic and integrated approach to individual well-
being. This system involves the creation of an extensive health
monitoring framework employing Arduino Uno, various sensors
(such as Alcohol, pulse, and DHT11), an LCD, and a GSM
module for data transmission to the Thingspeak application. The
purpose is to monitor essential health metrics, including
temperature, humidity, pulse rate, and Alcohol levels, in real-
time, accessible through the Thingspeak smartphone application.
Utilizing vital signs (heart rate and respiratory rate) obtained from
the in-car WiFi system and assessing the driver's psychomotor
coordination via steering wheel maneuvers, ®IChen introduces
DetectDUI. This contactless, noninvasive, real-time system
provides highly accurate monitoring of impaired driving due to
alcohol consumption. The architecture employs a self-attention
convolutional neural network consisting of signal-processing
algorithms that extract clean and valuable vital signs and
psychomotor coordination, thus combining the two data streams.

Furthermore, Blproposed a prohibition on driving under
the influence of Alcohol in the year 2022. A camera unit, a
breathalyzer unit, and a microcontroller unit outfitted with GPS
and GSM modules are the primary components of the system.
The system is constructed for demonstration, with a Raspberry Pi
as the primary control unit and a MQ-3 sensor as its central
component. Using this technology, the driver can test Alcohol
before starting the engine. If the test reveals the presence of
Alcohol, the vehicle's ignition will not start.

To simulate and construct a system for monitoring the
temperature and alcohol level of a car, an Arduino Uno
microcontroller (AT Mega328) was utilized during this project. A
number of components were added to the Proteus 8.1 design
suite, which was utilized for the simulation of the circuit. These
components included an alcohol sensor, a contactless temperature
sensor, a motor/relay driver, an ignition system, a 16x2 liquid
crystal display, and a 5V DC power supply. Following the
construction of the simulated circuit on a printed circuit board,
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the findings were analyzed in order to determine whether or not
the circuit was active and whether or not it maintained continuity.
After consuming varied amounts of alcohol, ranging from two to
fifteen standard drinks, forty individuals were put through a
performance evaluation exam. The test was designed to evaluate
their overall performance. At various points throughout the
examination, the subjects' blood alcohol content as well as their
body temperature were measuredtl,

A microcontroller serves as the project's central component. It is
the central processing unit of the entire circuit. In order to activate
the buzzer, the microcontroller must first deliver a strong pulse to
the circuit that controls the buzzer. In addition, a relay is turned
off at the same time. As a consequence of this, the ignition of the
vehicle has been turned off. As a result, the safety of the people
who are within the vehicle is guaranteed!l,

In an additional study, [’ Created a system that uses low-
cost MQ3 alcohol sensors installed inside automobiles. These
sensors collect signals, which are recorded, normalized, and time-
aligned, yielding 5-second interval samples. Statistical features
are then retrieved from each of these samples, and feature
selection is carried out using a genetic algorithm, as well as
forward selection and backwards elimination approaches.

Mohammed et. al. Passer 7 (Issue 2) (2025) 940-952

Through the use of signal processing and embedded technologies,
8 suggest a system that will be implemented in 2020 through the
use of signal processing and embedded technologies. This system
will be based on the design and development of a driver
assistance system. Additionally, the primary focus of The System
is on the creation of a prototype equipped with three input
extraction modules. The Driver sleepiness detection mechanism,
the Alcohol content detection module, and the Vehicle crash
detection method are the three main components of this
prototype.

This work has studied a deep learning strategy with SAdsAEs for
attention-deficit/nyperactivity disorder (ADD), presented by [,
A greedy layer-wise training method is therefore utilized for the
model's training. To the authors' knowledge, this is the first time
a deep learning approach has been utilized to describe driving
characteristics  for  anomalous  driving identification.
Autoencoders have been used as blocks of construction. In
addition, a technique for denoising has been incorporated into the
algorithm to enhance the resilience of feature expression.
Throughout the training process, dropout technology is
implemented to prevent overfitting. Table 1 presents the
references with techniques that were implemented.

Table 1: The references with techniques that implemented.

. Nanthini and Yanjiao et | Benjaminetal. | Joseetal. | Sanjay etal. Jie, Xiaoqin,
ednElil e Vadivel (2024) | al. (2022) (2022) (2021) (2020) | Stephen (2020)
Arduino-based System v v
Raspberry Pi v
Alcohol Detection (MQ-3
Sensor) v v v v
Health Monitoring (Pulse, v
Temperature, etc.)
WiFi-based Vital Sign Y
Monitoring
CNN (Convolutional Neural Y
Network)
Genetic Algorithm for Y
Feature Selection
GPS/GSM for v v
Location/Communication
Driver Drowsiness Detection v
Vehicle Crash Detection v
Deep Learning v
(Autoencoders)
Signal Processing v v
DetectDUI, usesa Signal
a series of processing
Microcontroller smart vehicle low-cost .
. contactless, MR techniques, greedy layer-
. Integration, ignition alcohol . e

Methods/techniques : non- . embedded wise, denoising

Multi-Sensor . . interlock named MQ3

e invasive, . systems for method
Monitoring . digiLock Sensors, .
real-time - real-time
system genetic monitoring
algorithm
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3 Background theory
3. 1 Microcontroller

The MKRWAN 1310 boards, as shown in Figure 1,
provide a cost-effective and efficient solution for applications
that necessitate LoRa connectivity and low power consumption.
The Microchip SAMD21 microcontroller powers these boards,
which feature the ATECC508 crypto authentication chip for
enhanced security, 2MB of SPI Flash memory for storage, and
the Murata CMCMWX1ZZABZ module for LoRa
communication. The principal characteristics of the MKRWAN
1310 are shown in Table 2.
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Figure 1: MKRWAN 1310 (Fabio Violante).

Table 2: Features of mkrwan 1310 [11,

Conneectivity LoRa

Chiip A TSAMD 21

Clock 48 MHz

Memory 256KB(Flash), 32KB(SRAM)
Interfacess US,B, SPI, 12C, 12S, UAaRT
Voltages 5V(Input), 3.3V(Operating)
Pinoutt 22(Digital), 12(PWM), 1(Analog)
Dimensions 67.6 X 25 mm

The MKRWAN 1310 has implemented several enhancements
relative to its predecessor, the MKRWAN 1300. It utilizes the
ECC508 crypto chip, the Murata CMWX1ZZABZ LoRa module,
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and the Microchip SAMD?21 low-power processor. Furthermore,
it includes a new battery charger, a 2MByte SPI Flash, and
enhanced board power usage regulation get [*2,

3. 2 LoRa and LoRawWAN

LoRa is a private PHY (Physical) layer technology developed by
Semtech. In contrast, LORaWAN is an open network protocol
definition advocated by the LoRa Alliance that utilizes LoRa as
its physical layer and incorporates MAC (Media Access Control)
and application layers %1, LoRa employs a spread spectrum
modulation technique known as Chirp Spread Spectrum (CSS) to
facilitate low-power communications over distances of
kilometers, sacrificing data rate in the process. This modulation
technique utilizes chirps to form symbols. Chirps are sinusoidal
signals characterized by a continuous increase or drop in
frequency within a specific range and at a defined rate (41,

LoRaWAN is a media access control (MAC) protocol for wide-
area networks. It allows low-powered devices to communicate
with Internet-connected applications over long-range wireless
connections. It is also designed for battery-operated sensors that
transmit data over extended distances at low data rates: [*51 161,

LoRaWAN delineates a hierarchical network architecture with
the following components:

e End devices: A sensor or actuator supports LoRaWAN and
is remotely connected to a LoRaWAN system by using radio
gateways utilising the RF modulation of LoRa, which is
known as a LoRaWAN-enabled end device

o Gateways: A Gateway of LORaWAN accepts LoRa message
data from every end device within the listening range. It
sends them to the LoRa Network Server (LNS), which is
connected to the Internet using an IP structure.

o Network server: The LoRaWAN Network Server is the core
element of the LoRaWAN network, and it is in charge of the
management of LoORaWAN Gateways, the authorization of
the sensors and the exchange of data (uplink, downlink)
between the sensors and the applications. The LNS is
responsible for all MAC functions.

o Application server: The Application Server is a critical
component since it creates and maintains the keys needed by
the end nodes for activation and message encryption.

It processes the data, displays it to the user, and responds to the
end device if required. It manages application layer security with
AES-128 encryption to ensure the confidentiality of the end
user’s application data from the network operator [171118],

The network parts generally interconnect in a star-of-stars
topology, as illustrated in Figure 2.
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Figure 2: LoRaWAN architecture [16],

3. 3 Alcohol sensor (MQ3)

The MQ-3 sensor is categorized as a conductometric Metal Oxide
Semiconductor (MOS) gas sensor. It demonstrates swift response
times and exceptional sensitivity, specifically to Alcohol. This
sensitivity is followed by a significantly diminished reactivity to
other gases, including benzene, methane, hexane, propane, and
carbon monoxide. The sensor's sensitive material consists of a
thin coating of SnO2, known as stannic oxide or tin dioxide [,
This substance exhibits minimal electrical conductivity in its pure
form when in contact with clean air. The MQ-3 sensor is
classified as an n-type MOS sensor. Upon contact with Alcohol,
its conductivity increases proportionally with the concentration
of Alcohol. This sensitivity enables the detection of alcohol
concentrations between 0.05 mg/l and 10 mg/I 2,

In addition, the MQ-3 sensor functions from 10°C to 70°C. The
heating coils require 150 mA of electrical power. The MQ-3
sensor determines the number of ethanol vapours in a driver's
breath to find out how much alcohol is in their system. The
microcontroller monitors real-time data from it to determine if the
alcohol levels are too high. The engine will be turned off and
safety alerts will be sent out when the sensor detects a high
amount of alcohol!],

4 Proposed system design

This section presents the process of designing, developing, and
implementing the proposed system, comprising two main parts:
schematic design and system operation. The schematic circuit
design section covers the design and implementation of hardware
components of a proposed system that consists of a
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microcontroller (MCU) connected to several sensors. The system
operation section which is described as a flowchart includes the
programming code and operation of the MCU, gateway
installation and configuration.

The block diagram displayed in Figure 3 indicates the proposed
system and its connections comprised of an alcohol sensor,
vehicle seat sensor, flow sensor as an input sensor, the buzzer and
vehicle engine starter button as an output connected to an MCU
integrated with the LoRa module. The MCU gathers sensor data
and performs the required computation, then transfers it to the
LoRa module if necessary. Also, Figure 4 displays the Schematic
design of the proposed system.

LoRa

Alcohol sensor > > Buzzer

Air flow sensor > MCU

Seat sensor 5 - Engine starter

I
L

—

Figure 3: Block diagram of the proposed system.



Original Article

Mohammed et. al. Passer 7 (Issue 2) (2025) 940-952

am2
R !
Fan -5 =
13V i =] 1
5 15 RESET
Loyt 5 — 2R
2van a8 2 125
2] 0—* EE] ST vY
_ 25| _ssec
GAD ~3— 26 L—g mos
‘-5_ :5_
ks T T
]
- - 4
.
L I a3
L 2
< = -
G\D  G\D X g_\%

ACC
A s —ea-i4k~2- ENGINE STARTER
.ic_' |
J‘\f\-‘;\' ) K ;;T.I:f:
GND GND
AAA '|
v .
[ RLE00en
To Digital pin _|__
GAD

Figure 4: Schematic design of the proposed system.

This schematic illustrates an alcohol detection and vehicle control
system utilizing an MQ-3 alcohol sensor, Arduino MKR WAN
1310, and a relay to control an engine starter. Here's a detailed
explanation of the main components and their roles:

e Arduino MKRWAN 1310 (U8)

The Arduino MKRWAN 1310 microcontroller serves as the core
processing unit in this system that is connected with multiple
sensors. Input and output pin connections are explained below:

Pin #15 is the input voltage source which is 5V.
Pin #15 is connected to the ground.

Pin #A1 is the input analog pin that is connected to the airflow
sensor.

Pin #A2 is the input analog pin connected to the MQ-3 alcohol
Sensor.

Pin #14 is the input digital pin connected to the seat sensor.
Pin #13 is the output digital pin connected to the fan.

Pin #12 is the output digital pin which is connected to the engine
starter.

Pin #13 is the output digital pin which is connected to the buzzer.
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¢ MQ-3 Alcohol Sensor (U7)

The MQ-3 alcohol sensor is used to detect the concentration of
alcohol in the air, particularly in a driver’s breath. It outputs an
analog signal corresponding to the detected alcohol level, which
is fed into the LM393 comparator (U4) for further processing.

o | M393 Comparator (U4)

The LM393 comparator takes the analog output from the MQ-3
sensor and compares it against a predefined threshold voltage. If
the alcohol concentration exceeds the threshold, the comparator
outputs a high signal, which is sent to the Arduino (A3 pin),
activating the necessary actions like triggering the LED and
buzzer.

¢ LED Indicator (LED1)

The LED1 is used as a visual indicator to show when alcohol is
detected beyond the predefined threshold. It is connected to the
comparator’s output and will light up when the alcohol level is
high.

e Fan (M1)

A 5V fan is connected through a transistor and driven by the
Arduino to circulate air or expel alcohol vapours from the sensor
area. This could be used to refresh the environment after a test or
ensure accurate readings by clearing residual alcohol vapour.
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o Airflow Sensor (U5)

The airflow sensor is another input that may detect if someone is
blowing air onto the sensor, ensuring the sensor reads accurate
breath samples.

e Seat Sensor (U6)

A seat sensor is included to detect if the driver is seated. This
ensures that the system only activates when the driver is present.

¢ Relay and Engine Starter (U2 and U3)

The relay (U2) is used to control the vehicle’s engine starter (U3).
When the alcohol level is below the threshold, the Arduino allows
the engine to start by activating the relay, which closes the circuit
to the starter. If alcohol is detected, the relay remains open,
preventing the engine from starting. The relay is controlled by an
S8050 transistor (Q1), which switches based on the output from
the Arduino.

e Buzzer (SG1)

The buzzer provides an audible alarm when alcohol is detected.
It is controlled by the Arduino and is activated when the MQ-3
sensor detects a dangerous level of alcohol.

e Push Button (U3)

The push button connected to the engine starter allows the user to
start the vehicle when alcohol is not detected.

¢ Power Supply

The system uses both 5V and 12V power supplies. The Arduino
MKRWAN 1310 and sensors run on 5V, while the relay and
engine starter require a 12V supply.

¢ Resistors and Capacitors
o R1(100Q) limits current to the base of the transistor Q1.

o R2, R3, and R4 (1kQ) are used for voltage division and
biasing in the comparator circuit.

o C1 (0.1uF) provides noise filtering, ensuring stable
operation.

The second part is the system operation of the proposed system.
The operations are explained below:

o Alcohol Detection: The MQ-3 sensor continuously monitors
the driver’s breath for alcohol. If alcohol is detected above
the threshold level, the LM393 comparator sends a signal to
the Arduino.

* Response:

o If Alcohol Detected: The comparator activates the LED
and sends a signal to the Arduino to sound the buzzer.
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Additionally, the relay remains off, preventing the engine
from starting.

o If No Alcohol Detected: The Arduino allows the relay
to activate, closing the circuit to the engine starter and
enabling the vehicle to start when the push button is pressed.

e Additional Features:

o The seat sensor ensures the system is only operational
when the driver is seated.

o The fan helps in circulating air to keep the sensor
environment clean and ensure accurate readings.

In addition, the flowchart in Figure 5 demonstrates a modern
vehicle safety system designed to enhance road safety by
preventing drunk driving and continuously evaluating driver
conditions. The entire process starts with the system establishing
a connection to a LoRa network server, providing long-range
wireless communication. This link facilitates the system to
transmit real-time data, including alcohol data and sensor
situations, to a cloud server such as LoRa server, for remote
monitoring. After building the link connectivity, the system
verifies the pins of the MCU to confirm all hardware parts are
operating correctly.

The primary function depends on the alcohol MQ-3 sensor, which
is responsive to the amount of alcohol in the driver's breath. If the
car engine is not running, the system verifies that the driver has
to go through an alcohol sensor check before the engine can start.
Then, if the engine is already running, the alcohol detector is
discharged occasionally, every five minutes, to continuously
check on the driver’s situation. The alcohol level should exceed
a predefined threshold (e.g., MQ3 > 7), and the system takes
inhibitory measures. After that, when the engine is not running, it
prevents the engine from starting. When the engine is on, the
system operates a buzzer to give an audible warning, making sure
both the driver and others nearby are notified.

The system needs definite conditions, furthermore to the alcohol
sensor, for the engine to start. To put together the car's fuel
system, a flow sensor must recognize movement or action within
the gasoline, confirming that the vehicle's fuel system is
operational. Moreover, the seat sensor is required to certify the
driver's correct positioning. These detectors appear as maintain,
blocking unwanted or unfit efforts to start the car. The system
permits engine start only if the amount of alcohol present is less
than the acceptable level, the flow sensor observes action, and the
seat sensor is active. LoRa connectivity improves functionality
by facilitating remote monitoring, rendering it suitable for fleet
management or parental supervision. The system's capacity to
perpetually assess the driver's state while the engine operates
enhances security, mitigating situations where a driver might
ingest alcohol post-ignition. This technology integrates alcohol
detection with supplementary sensor-based assessments, offering
a holistic approach to preventing impaired driving and enhancing
road safety for all.
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Figure 5: Flowchart of the system.

5 Experimental results and discussions

This section begins by outlining the benchmark algorithms—
Random Forest (RF), Support VVector Machine (SVM), and Deep
Neural Network (DNN). Following this, we present
comprehensive results of our proposed Vehicle Safety LoRa-
Cloud (VSLCloud) algorithm, evaluated across three key metrics:
accuracy, time delay, and reliability.

5. 1 Comparable algorithms: We compared our proposed
algorithms, VSLCloud, against each of Random Forest (RF),
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Support Vector Machine (SVM), and Deep Neural Network
(DNN) concerning accuracy, time delay, and reliability. A brief
discussion of the proposed algorithms is provided as follows:

a. Random Forest (RF): Random Forest is an ensemble-based
approach that constructs numerous decision trees and
combines their outputs to enhance accuracy and overall
stability. It is recognized for its robustness, effectiveness in
managing high-dimensional datasets, and resilience to
overfitting. RF performs particularly well on structured data
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and is widely applied in both classification and regression
tasks.

b. Support Vector Machine (SVM) is a supervised learning
algorithm that identifies the optimal hyperplane to
distinguish between classes within a dataset. It is especially
effective for small to medium-sized datasets where class
boundaries are well-defined. SVM excels in high-
dimensional feature spaces and is commonly used in
classification applications such as text classification and
bioinformatics.

c. Deep Neural Networks (DNNSs) are sophisticated machine
learning models modelled after the structure of the human
brain. They comprise multiple layers of interconnected
neurons capable of automatically learning intricate patterns
within data. DNNs are well-suited for large datasets and
capturing nonlinear relationships, making them highly
effective for applications such as image recognition, speech
analysis, and sensor-driven safety systems.

5. 2 Result discussion: Figure 6 illustrates a detailed comparison
of the accuracy performance across ten different test cases for the
proposed VSLCloud algorithm and three baseline methods:
Random Forest (RF), Support Vector Machine (SVM), and Deep
Neural Network (DNN). Overall, VSLCloud consistently
achieves higher accuracy than the other approaches. Among the

98.00%
96.00%
94.00%
92.00%
90.00%
88.00%
86.00%
84.00%
82.00%

80.00%

Case 1 Case 2 Case 3 Case 4

B Random Forest (RF)

Case 5

B Support Vector Machine (SVM)
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baseline methods, RF generally demonstrates lower accuracy,
although in the initial test cases (specifically cases 1 to 3), it
occasionally matches or slightly surpasses DNN. However, RF's
accuracy declines in later test cases, showing a similar
performance trend to SVM, which remains the least accurate
across most scenarios. While RF slightly outperforms SVM in
some instances, both fall short compared to VSLCloud. An
upward trend in accuracy is observed across all methods as the
number of test cases increases, likely due to the growing
complexity and diversity of testing scenarios. Notably,
VSLCloud begins to outperform the other algorithms from test
case 4 onward, with the performance gap widening significantly
in cases 6 through 9. In these later stages, VSLCloud
demonstrates robust and stable performance, further validating its
effectiveness. The initial test cases (1-3) show smaller
performance differences, where RF and DNN achieve results
closer to VSLCloud, narrowing the margin. However, from test
case 4 onward, VSLCloud distinctly separates itself by
maintaining higher accuracy, while SVM consistently lags.

These findings are also supported by the data in Table 3, which
quantitatively compares the accuracy of VSLCloud against RF,
SVM, and DNN. The results indicate that VSLCloud
significantly outperforms all three baseline algorithms in terms of
accuracy across the full set of test cases.

Case 6 Case 7 Case 8 Case 9 Case 10

B Deep Neural Network (DNN) ®VSLCloud

Figure 6: Accuracy Comparison between the proposed method, RF, SVM and DNN.
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Table 3: Accuracy Comparison between the proposed method, RF, SVM and DNN.

Case Random Forest (RF) Support Vector Machine (SVM) Deep Neural Network (DNN) VSLCloud
Case l 91.20% 88.90% 93.50% 95.20%
Case 2 89.50% 87.10% 92.30% 94.30%
Case 3 90.80% 88.00% 94.10% 95.00%
Case 4 92.00% 89.20% 95.00% 96.10%
Case 5 88.70% 86.50% 91.80% 93.80%
Case 6 90.30% 87.80% 93.60% 95.40%
Case 7 91.70% 89.00% 94.40% 96.00%
Case 8 89.90% 87.40% 92.70% 94.60%
Case 9 90.10% 88.30% 93.80% 95.30%
Case 10 91.50% 89.10% 94.20% 96.20%

Figure 7 presents a comprehensive comparison of time delay
performance across ten test cases for the proposed VSLCloud
algorithm and three benchmark algorithms: Random Forest (RF),
Support Vector Machine (SVM), and Deep Neural Network
(DNN). Across all scenarios, VSLCloud consistently
demonstrates lower time delays, indicating superior
responsiveness compared to the other methods. Among the
baseline approaches, RF generally exhibits higher delays,
although in the initial test cases (1 to 3), it occasionally matches
or slightly outperforms DNN. As the test cases progress, RF
shows increasing delays, following a trend similar to SVM.
Notably, SVM records the highest delay values in most cases.
While RF marginally surpasses SVM in certain instances, both
are outperformed by VSLCloud in nearly every test.
Interestingly, a decreasing trend in delay is observed across all
methods as the number of test cases increases. This could be

450
400
350

30

o

25

o

20

o

1

vl
o

1

o
o

%)
o

0

Case 1 Case 2 Case 3 Case 4
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Deep Neural Network (DNN) (ms)

Case 5

attributed to improved optimization in handling progressively
complex or diverse inputs. From test case 4 onward, VSLCloud
clearly distinguishes itself by maintaining substantially lower
delays, with the difference becoming more pronounced in test
cases 6 through 9. These results highlight the efficiency and
consistency of VSLCloud under varied conditions. In the earlier
stages (test cases 1-3), performance differences are less
significant, with RF and DNN showing delay values closer to
VSLCloud. However, as the complexity of the tests increases,
VSLCloud consistently sustains minimal delay, while SVM
continues to exhibit the poorest performance.

Supporting data in Table 4 further reinforces these findings by
quantitatively comparing the delay values of VSLCloud with
those of RF, SVM, and DNN. The results confirm that VSLCloud
significantly outperforms all three baseline algorithms in terms of
reducing time delay across the complete range of test cases.

Case 6 Case 7 Case 8 Case 9 Case 10

W Random Forest (RF) (ms)

m VSLCloud (ms)

Figure 7: Time delay of the proposed method, RF, SVM and DNN.
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Figure 8 provides a detailed comparison of the reliability
performance across ten different test cases for the proposed
VSLCloud algorithm versus three benchmark methods: Random
Forest (RF), Support Vector Machine (SVM), and Deep Neural
Network (DNN). Overall, VSLCloud consistently achieves
superior reliability compared to the other algorithms. Among the
baseline models, RF generally shows lower reliability, though in
the early test cases (specifically cases 1 to 3), its performance
occasionally matches or slightly exceeds that of DNN. However,
as testing progresses, RF's reliability declines, following a pattern
similar to SVM, which consistently records the lowest reliability
scores in most scenarios. While RF slightly outperforms SVM in
certain cases, both fall noticeably behind VSLCloud. All

Mohammed et. al. Passer 7 (Issue 2) (2025) 940-952

algorithms display a gradual increase in reliability over the ten
test cases, likely reflecting improved adaptability to increasing
test complexity. Starting from test case 4, VSLCloud begins to
clearly outperform its counterparts, with the reliability gap
widening significantly in test cases 6 through 9. This trend
underscores VSLCloud’s robustness and consistency under more
demanding conditions. In the initial test cases (1-3), the
performance differences are less pronounced, with RF and DNN
showing reliability levels relatively close to VSLCloud.
However, from test case 4 onward, VSLCloud decisively
separates itself by maintaining higher reliability, while SVM
consistently trails behind the others.

Table 4: Time delay of the proposed method, RF, SVM and DNN.

Case Support Vector Machine (SVM) Random Forest (RF) Deep Neural Network (DNN) VSLCloud

(ms) (ms) (ms) (ms)
Case 1 320 210 180 150
Case 2 350 230 190 160
Case 3 290 200 170 140
Case 4 400 220 200 130
Case 5 310 240 160 120
Case 6 380 250 210 170
Case 7 330 190 180 140
Case 8 420 260 220 160
Case 9 300 210 170 150
Case 10 370 230 200 130
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88

Case 1 Case 2 Case 3 Case 4

B Random Forest (RF)

Case 5

M Support Vector Machine (SVM)

Case b Case 7 Case 8 Case 9 Case 10

m Deep Neural Network (DNN)  mVSLCloud

Figure 8: Reliability of the proposed method, RF, SVM and DNN.
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These observations are further supported by the data presented in
Table 5, which offers a quantitative comparison of reliability for
all four algorithms. The results confirm that VSLCloud

Mohammed et. al. Passer 7 (Issue 2) (2025) 940-952

significantly outperforms RF, SVM, and DNN in terms of

reliability across the full spectrum of test scenarios.

Table 5: Reliability of the proposed method, RF, SVM and DNN.

Case Random Forest (RF) Support Vector Machine (SVM) | Deep Neural Network (DNN) VSLCloud
Case 1 95.1 934 96.2 98.1
Case 2 94.7 92.5 95.6 97.5
Case 3 95.5 93 96.3 98.2
Case 4 96 93.9 97.1 99
Case 5 93.9 91.8 94.9 96.8
Case 6 94.5 92.6 96 98
Case 7 95.8 93.5 97 99.1
Case 8 94.2 92.3 95.3 97.3
Case 9 95 93.1 96.4 98.4
Case 10 95.6 93.7 97.2 99.2

6 Conclusion [5] S. Nanthini and R. Vadivel, Smart spirits: an integrated IoT-based

The development and verification of VSLCloud are significant
achievements of smart vehicular safety technologies, particularly
for the purpose of preventing drunk driving. Combining LoRa-
enabled 10T sensors with cloud computing and an advanced
algorithm, VSLCloud offers ultra-high real-time intoxication
recognition with ultra-high reliability, fast response, and high
accuracy. Comparisons with popular machine learning-based
models, such as RF, SVM, and DNN, indicate its unmatched
performance with an accuracy of up to 96.2%, ultra-low latency
from 120-150 ms, and over 99% reliability even with adverse
conditions. These results prove the practicability and superiority
of the system with real-world applications. As a result, VSLCloud
not only offers an innovative and efficient solution to the growing
need for smart automotive technologies, but also the potential of
significantly cutting the number of traffic accidents caused by
alcohol. The technology offers an ideal foundation for future
development and deployment of scalable, cloud-based safety
technologies with the aim of enhancing road safety and
preventing life losses.
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