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The rapid evolution of automotive technology has heightened the reliance on electronic
sensors for real-time monitoring and diagnostics. However, accurately identifying sensor
faults remains a significant challenge due to the increasing complexity of modern vehicles.
This paper presents the design and development of an intelligent diagnostic device that
employs artificial intelligence (Al) techniques specifically Artificial Neural Networks
(ANNSs) to enhance the precision of fault detection. The system integrates signal acquisition,
preprocessing, and classification modules within a low-cost embedded platform based on
Arduino. It processes data from various simulated automotive sensors, distinguishing
between normal and faulty conditions with high accuracy. Experimental evaluations
demonstrate the device’s superior diagnostic performance compared to conventional tools.
In addition, an economic feasibility analysis confirms the device’s potential for widespread
adoption, particularly in resource-constrained markets. The proposed solution offers a cost-
effective, accurate, and scalable approach to vehicle sensor diagnostics, promising

improvements in maintenance efficiency, cost reduction, and overall road safety.

Copyright ©2025 by authors and Galileo Institute of Technology and Education of the Amazon (ITEGAM). This work is licensed
By under the Creative Commons Attribution International License (CC BY 4.0).

1. INTRODUCTION

The automotive industry has witnessed rapid technological advancement in recent years, driven by the integration of electronic
components and intelligent systems [1]. One of the most significant developments has been the extensive deployment of electronic sensors
throughout modern vehicles [2]. These sensors are critical for monitoring key parameters such as engine temperature, air-fuel ratio,
oxygen levels, speed, pressure, and emissions [3]. They enable real-time decision-making by electronic control units (ECUSs), enhancing
vehicle performance, safety, efficiency, and environmental compliance [4].

However, as the number and complexity of these sensors increase, so do the challenges associated with accurately diagnosing their
faults [5]. Sensor failures can lead to inaccurate readings, performance degradation, and potentially dangerous operating conditions [6].
Traditional fault diagnosis approaches -such as manual inspections, rule-based systems, and standard On-Board Diagnostics (OBD-I11)
tools- are often limited in their ability to detect subtle or intermittent issues [7]. These conventional tools generally rely on pre-
programmed fault codes and threshold values, which may not capture the full range of fault conditions encountered in dynamic real-world
environments [8].
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To overcome these limitations, the application of Artificial Intelligence (Al) in automotive diagnostics has emerged as a powerful
and promising solution [9], [10], [11]. Al techniques, particularly Artificial Neural Networks (ANNSs), have demonstrated a strong
capacity for learning from data and identifying complex patterns in sensor behavior [12]. ANNs are well-suited for classifying signal
anomalies, even in cases where the distinctions between normal and faulty signals are subtle or nonlinear [13]. This ability to learn and
generalize from examples makes them ideal for applications requiring adaptive and intelligent fault detection.

This paper presents the development of a low-cost, intelligent diagnostic device designed to detect faults in vehicle sensors using
ANN-based classification. The proposed system is built on an embedded platform utilizing the Arduino Due microcontroller and
integrates essential components such as signal acquisition, preprocessing, and real-time classification. To provide immediate and intuitive
user feedback, a 16x2 12C LCD display is included for fault status visualization. The system is designed to be compact, user-friendly, and
easily deployable in both professional repair shops and personal automotive maintenance settings.

In the development process, sensor-like inputs were simulated using variable resistors (potentiometers) and Pulse Width
Modulation (PWM) signals. These were selected to represent typical analog and digital signals found in vehicle sensor systems. Various
signal fault conditions were artificially introduced, including noisy, constant, intermittent, and erratic signals. These signal variations
were then used to generate training and testing datasets for the ANN model. The ANN was trained using supervised learning techniques
to distinguish between normal and faulty states, enabling the system to classify new sensor inputs with a high degree of accuracy.

Once trained and validated, the ANN model was embedded within the Arduino platform to enable real-time, standalone operation.
During testing, the system demonstrated excellent fault detection performance, achieving over 95% classification accuracy across diverse
simulated signal conditions. These results confirm the feasibility and effectiveness of the proposed approach, particularly in its ability to
identify faults that are difficult to detect using traditional diagnostic tools.

The proposed diagnostic system offers several practical advantages. First, it significantly enhances diagnostic precision by
leveraging Al-driven analysis rather than relying solely on fixed thresholds or human interpretation. Second, it provides a portable and
cost-effective solution that can be implemented without the need for expensive equipment or advanced technical training. Third, the
modular design of the device allows for potential scalability, enabling future upgrades to support additional sensors or advanced
connectivity features such as wireless communication or cloud-based diagnostics.

The main contributions of this work can be summarized as follows:

» Development of a real-time, Al-powered diagnostic device for automotive sensor fault detection using embedded systems.

« Design and training of an ANN model capable of accurately classifying a wide range of sensor signal anomalies.

* Integration of hardware and software components into a compact, low-cost diagnostic prototype based on the Arduino Due
platform.

» Experimental validation under simulated fault scenarios to evaluate system accuracy, reliability, and responsiveness.

The rest of this paper is organized as follows: Section 2, Related Works, provides a review of existing research in automotive
sensor diagnostics and Al applications. Section 3, Materials and Methods, describes the system design, including hardware configuration,
signal acquisition, and neural network implementation. Section 4, Results and Discussions, presents the experimental setup, test scenarios,
and performance evaluation. Finally, Section 5, Conclusions, summarizes the findings and outlines potential directions for future research
and system enhancements.

Il. RELATED WORKS

The increasing complexity of modern vehicles has led to the integration of sophisticated diagnostic systems aimed at monitoring
the health and performance of automotive components, particularly electronic sensors [14]. Sensor faults are among the most critical
issues in vehicle diagnostics, as they can lead to false data readings and improper system responses [15]. Over the past decade, various
diagnostic approaches have been proposed, ranging from traditional rule-based systems to advanced machine learning techniques [16].
This section reviews the existing methods for automotive sensor fault diagnosis, with a particular focus on artificial intelligence (Al)
applications and embedded implementations.

Conventional vehicle diagnostics primarily rely on the On-Board Diagnostics (OBD-I11) system [17], which uses a predefined set
of error codes (Diagnostic Trouble Codes, or DTCs) to identify faults in electronic control units (ECUs) and sensors [18]. Although
widely adopted and useful for basic troubleshooting, OBD systems are limited in scope [19]. They depend heavily on preset thresholds
and do not always detect incipient or intermittent faults. Moreover, they offer minimal insight into the underlying causes of sensor
anomalies [20], [21]. Manual diagnostic tools, such as oscilloscopes and multimeters, provide more detailed signal analysis. Devices like
PicoScope [22] and Hantek [23] digital oscilloscopes enable technicians to visualize waveform characteristics and interpret sensor
behavior. However, their effective use requires substantial technical expertise, and they are often cost-prohibitive for small workshops or
individual users [24]. These tools also lack intelligent decision-making capabilities, which limits their scalability and adaptability in real-
time applications [25].

To address the limitations of traditional tools, data-driven methods have been explored. These techniques rely on statistical models
or historical data patterns to infer the presence of faults. Principal Component Analysis (PCA) [26], k-Nearest Neighbors (k-NN) [27],
and Support Vector Machines (SVM) [28], [29] are commonly employed algorithms. While these models provide improved accuracy
compared to threshold-based methods, they require large, clean datasets and often struggle with generalization across different vehicle
types or operating conditions [30]. Several studies have investigated the application of machine learning (ML) in vehicle fault diagnostics.
For instance, Patel et al. [31] used Random Forest classifiers to detect misfires and sensor signal degradation, achieving considerable
accuracy in controlled environments. Similarly, Li et al. [32] applied Decision Trees and Naive Bayes classifiers for engine health
monitoring. However, these models often rely on feature engineering and may not effectively capture complex nonlinearities inherent in
sensor data.
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Artificial Neural Networks (ANNSs) have emerged as a robust alternative due to their ability to model nonlinear relationships and
recognize patterns in high-dimensional data [33]. ANNSs require less manual feature extraction and can be trained directly on raw or
minimally processed signals [34]. Several researchers have employed ANNSs for fault classification, particularly in detecting abnormalities
in time-series signals generated by automotive sensors.

Fleming provided an early review of ANN applications in sensor diagnostics, demonstrating their ability to classify oxygen sensor
signals with high accuracy [35]. More recent work by Tout et al. trained feedforward neural networks to detect anomalies in manifold
absolute pressure (MAP) and crankshaft position sensors [36]. The network was capable of distinguishing between normal, constant,
noisy, and missing signals with over 92% accuracy. Similarly, Wu et al. [37] applied deep neural networks (DNNSs) for real-time
classification of vehicle health states, highlighting the scalability of such models for fleet-level monitoring.

Despite their advantages, most ANN-based studies have been conducted in software simulation environments, and only a few have
been successfully implemented in real-time embedded systems. This lack of embedded integration poses a challenge for deploying these
models in practical automotive contexts where resources such as memory and processing power are constrained. Recent efforts have
focused on embedding diagnostic intelligence directly into microcontroller platforms. Devices such as Arduino, Raspberry Pi, and ESP32
are increasingly being used for prototyping Al-powered solutions due to their low cost, ease of use, and community support. For example,
Nguyen et al. implemented a fault detection system using a Raspberry Pi and a pre-trained ANN model to classify air-fuel ratio sensor
faults [38]. The system provided real-time diagnostic feedback via a display interface and significantly reduced the detection time
compared to manual inspection.

Arduino-based solutions, while limited in computational capacity, offer sufficient power for executing shallow neural networks
trained off-board [39]. The combination of these microcontrollers with compact display modules, such as LCD 12C screens, enables the
creation of low-cost, standalone diagnostic devices suitable for field deployment. These embedded approaches are particularly promising
in resource-constrained settings where access to professional-grade diagnostic tools is limited [40]. Although significant progress has
been made in developing intelligent diagnostic systems, several gaps remain.

First, many studies focus on specific sensor types or fault categories, limiting the general applicability of the proposed models.
Second, few works combine real-time signal acquisition, intelligent classification, and user interfacing into a cohesive embedded solution.
Finally, there is a need for more experimental validation under realistic automotive operating conditions, including diverse fault scenarios
and environmental variability. This paper addresses these limitations by presenting a complete, embedded ANN-based diagnostic system
that integrates signal acquisition, preprocessing, classification, and display in a low-cost Arduino platform. Unlike previous approaches
that remain software-bound or overly specialized, the proposed system offers generalizability, affordability, and ease of deployment.

I11. MATERIALS AND METHODS

This section outlines the design and implementation methodology of the proposed Al-based vehicle sensor fault diagnosis
system. The approach involves integrating embedded hardware for real-time signal acquisition and display with an Artificial Neural
Network (ANN) model for intelligent fault classification. The key stages of the methodology include hardware system design, signal
acquisition and preprocessing, neural network training, and real-time fault classification.

11.1 SYSTEM OVERVIEW

The increasing complexity of modern vehicles has led to the integration of sophisticated diagnostic systems
The proposed diagnostic device is designed as a compact, standalone solution capable of identifying anomalies in sensor signals.
It consists of four core modules:

1. Sensor Signal Acquisition Module — captures analog and PWM sensor-like signals.

2. Preprocessing Unit — normalizes, filters, and structures the acquired signals for analysis.

3. Neural Network Classifier — classifies incoming signals based on a pre-trained ANN model.

4. User Interface Module — displays diagnostic results via an LCD and enables data collection with a push button.

These modules are embedded in a low-cost platform based on the Arduino Due microcontroller. The complete system is suitable
for bench-top diagnostics in automotive workshops or DI'Y maintenance environments.

Sensor Signal "

Acquisition g:} -

Moaodule

User Interface
&) Module

Figure 1: Diagnostic Device Overview.
Source: Authors, (2025).

11.2 HARDWARE IMPLEMENTATION
11.2.1 Arduino Due
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The Arduino Due, powered by the Atmel SAM3X8E ARM Cortex-M3 processor, was chosen for its superior computational
capabilities among Arduino boards [41]. Key specifications include:

Microcontroller: Atmel SAM3X8E ARM Cortex-M3 CPU,
Operating Voltage: 3.3V,
Input Voltage (recommended): 7-12V,
Input Voltage (limits): 6-20V,
Digital 1/0 Pins: 54 (of which 12 provide PWM output),
12 analog input channels,
Analog Output Pins: 2 (DAC),
Total DC Output Current on all 1/O lines: 130 mA,
DC Current for 3.3V Pin: 800 mA,
DC Current for 5V Pin: 800 mA,
512 KB flash memory available for user applications,
96 KB SRAM (two banks: 64 KB and 32 KB),
84 MHz clock speed,
High-resolution analog-to-digital converter (ADC).
These specifications support real-time signal processing and basic neural network inference.

T LED find

Programming USH.
ot

X
™

Figure 2: Arduino Due.
Source: Authors, (2025).

11.2.2 LCD 12C 16x2 Display

A 16x2 LCD module is a liquid crystal display (LCD) with 16 columns and 2 rows of characters, with 12C interface was integrated to
display diagnostic messages, such as “Normal Signal” or “Fault Detected” [42]. The 12C protocol minimizes wiring complexity and frees
up GPIO pins for sensor inputs.

The LCD 12C 16x2 module is composed of the following key components:

e LCD Display: Features 16 columns and 2 rows for character display. It operates using liquid crystal display technology to render
text and basic symbols.

e 12C Interface Module: Equipped with a PCF8574 chip (or a similar variant), this module interfaces the LCD with the
microcontroller using the I12C protocol. It internally connects to the LCD’s control pins (RS, RW, E) and data pins (D4-D7), significantly
reducing the number of required GPI10O pins.

e Backlight LED: Provides illumination to ensure clear visibility of the displayed text in various lighting conditions.

e Power Pins (VCC and GND): VCC supplies the operating voltage (typically 5V), while GND connects to the system ground.

e |12C Communication Pins (SDA and SCL): The SDA (Serial Data) and SCL (Serial Clock) lines handle data transmission and
synchronization between the module and the microcontroller.
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Figure 3: LCD 12C 16x2.
Source: Authors, (2025).

111.2.3 Sensors Used

To simulate automotive sensor behavior in a controlled and flexible manner, the project employed alternative components that
replicate the electrical characteristics and functional principles of real vehicle sensors. This approach allowed for greater control over
testing parameters and facilitated the development of signal acquisition and classification modules without the constraints of working
directly with proprietary automotive hardware.

111.2.3.1 Potentiometer

The potentiometer was used to emulate the behavior of analog sensors commonly found in vehicles, such as throttle position or
coolant temperature sensors [43]. It generates a variable-resistance analog signal within a range of 0 to 5 volts, depending on the knob
position. This continuous voltage variation effectively simulates sensor responses to physical changes like rotation, pressure, or fluid
level.

Figure 4: Potentiometer.
Source: Authors, (2025).
111.2.3.2 PWM Signal Generator

Pulse Width Modulation (PWM) signals were used to mimic digital outputs from automotive sensors and actuators. PWM signals
are widely employed in vehicles for controlling devices such as injectors, actuators, and speed sensors [44]. By adjusting the duty cycle
of the PWM waveform, different operational states of digital sensors were replicated, enabling the system to process and classify both
analog and digital input signals.
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Figure 5: Pulse Width Modulation Duty Cycles.
Source: Authors, (2025).
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[11.2.4 Other Hardware Components

In addition to the signal sources, various passive and active electronic components were integrated to support circuit functionality,
signal conditioning, and interface management.

e Resistors: R1 =2 kQ and R2, R3 =10 kQ.

e Capacitors: C1 =100 puF and C2 =470 pF.

e Miscellaneous Components: Connecting wires and Push button (used to trigger signal acquisition manually)
These components ensured stable signal paths, consistent voltage levels, and effective user control within the system.

I11.2.5 Serial Oscilloscope v1.5
[11.2.5.1 Definition

The Serial Oscilloscope v1.5 is an open-source software tool designed to display and analyze serial data in real time [45]. It is
particularly well-suited for microcontroller-based applications, allowing developers to visualize electrical signals transmitted over serial
ports from platforms such as Arduino, Raspberry Pi, and other embedded systems.

111.2.5.2 Key Features

The software offers a rich set of features that facilitated efficient data monitoring and analysis throughout the development and
testing phases of the diagnostic device:

e Real-time signal visualization: Displays serial data as dynamic graphs, enabling users to track signal behavior instantaneously.

e Data logging: Allows recording of serial data to files for offline analysis or documentation.

e Adjustable axes: Offers customization of both horizontal and vertical axis scales to enhance graph readability.

e Multiple graph types: Supports line, bar, and circular graph formats for various signal representations.

o Labeled axes: Permits addition of axis labels for better contextual understanding of data plots.

e CSV export: Enables exporting of recorded data in CSV format for use in spreadsheet or analysis software.

e  Multi-port support: Can connect to and monitor data from multiple serial devices simultaneously.

e Free and open-source: The tool is freely available for download, modification, and community contribution, making it an
accessible and adaptable option for developers.

By leveraging Serial Oscilloscope v1.5, the development team was able to validate signal characteristics, inspect fault patterns,
and generate labeled datasets used in training the neural network.

I11.2.6 Hardware Interface Configuration

The connection of the Arduino Due with the LCD 12C module and the push button was carefully configured to ensure proper
power delivery, data communication, and user input control. The wiring details are as follows:

1. LCD I2C Connections:

e VCC — 5V: The VCC pin of the LCD module is connected to the 5V output pin of the Arduino Due to supply power.

e GND — GND: The GND pin of the LCD is connected to the Arduino's ground to complete the power circuit.

e SDA — SDAI1 (Pin 20): The SDA (Serial Data) pin is connected to SDAL (pin 20) on the Arduino Due for data transmission
via the 12C protocol.

e SCL — SCL1 (Pin 21): The SCL (Serial Clock) pin is connected to SCL1 (pin 21) on the Arduino Due to synchronize
communication.

2. Push Button Connections:

e  One leg of the push button is connected to the Arduino’s 5V pin using a jumper wire. A pull-down resistor is placed between
this leg and ground to prevent floating input when the button is unpressed.

e The other leg of the push button is connected to digital pin 8 on the Arduino to serve as a digital input trigger for manual signal
acquisition.

3. Signal Input Pins:

e AQ: Configured as an analog input to receive Signal 1.
e Al: Configured as an analog input to receive Signal 2.

This hardware configuration enables the Arduino to read two independent sensor-like signals, display diagnostic results on the
LCD in real time, and respond to user-triggered data collection via the push button.
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111.3 DATA COLLECTION AND COMMON SENSOR FAULTS

Accurate data collection is a fundamental step in the process of diagnosing vehicle sensor malfunctions [46]. In this project,
signals were obtained from two simulated sources: a potentiometer (representing analog sensors) and a PWM generator (representing
digital sensors). These signals were visualized and recorded using the Serial Oscilloscope v1.5 software, which enabled real-time
monitoring, graphical representation, and data storage for further analysis. The collected datasets provided the basis for training and
validating the Artificial Neural Network (ANN), ensuring that the model could recognize both normal and faulty sensor behaviors.

111.3.1. Common Fault Types in Automotive Sensors

When an automotive sensor malfunctions, its output signal typically deviates from the expected behavior. Faults may manifest
in different forms depending on the sensor type and the nature of the problem [47]. The most common fault types include:

e No Signal: A complete loss of signal, often caused by sensor failure or a break in the wiring.

e Constant Signal: The sensor produces a fixed output that does not vary with changing operating conditions (e.g., an oxygen
sensor locked at 0.45 V).

e Intermittent Signal: The output fluctuates irregularly or drops out at random intervals, usually due to lose connections or wiring
issues.

e Erratic Signal: The sensor generates illogical or highly inconsistent readings, such as a Mass Air Flow (MAF) sensor reporting
unrealistically high or low airflow values.

e Noisy Signal: The output is distorted with high-frequency interference, often resulting from poor insulation or electromagnetic
interference from nearby components.

By collecting representative datasets of these fault patterns, the system was trained to accurately classify sensor conditions and
detect malfunctions in real time.
111.4 DATA PREPROCESSING

The preprocessing of sensor signals is a critical step in ensuring that the diagnostic device provides accurate and reliable inputs
to the classification model [48]. Signal acquisition behavior varies depending on whether the push button is pressed or not [49]. The
following subsections describe these two modes in detail, along with the observed effects on signal quality.

111.4.1. When the Push Button Is Not Pressed

In this state, the device continuously displays the incoming signals in real time. These signals were visualized using the Serial
Oscilloscope v1.5 application on a computer, from which representative samples were extracted (Figure 6).
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Figure 6: The live display of Potentiometer and PWM signals.
Source: Authors, (2025).

Figure 6 shows the live display of potentiometer and PWM signals. During this mode, inaccuracies were observed, particularly
in the PWM signal, where interruptions and inconsistencies were evident. This limitation is attributed to the direct, unsynchronized
streaming of data without buffering or storage.
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111.4.2. When the Push Button Is Pressed

When the push button is activated, the device switches to a data capture mode, where signals are first saved before being
displayed. Representative samples of these signals were again obtained using the Serial Oscilloscope software, as shown in Figures 7 and
8.
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Figure 7: The potentiometer and PWM signals in the display state after saving, with an increase in the potentiometer.
Source: Authors, (2025).

Figure 7 illustrates the potentiometer and PWM signals in the display state after saving, with the potentiometer value increased.
A significant improvement in signal accuracy is evident, demonstrating the effectiveness of the buffering and saving process.
Additionally, as the potentiometer voltage scale increases, the PWM period is observed to expand correspondingly.
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Figure 8: The potentiometer and PWM signals following the saving process with a decrement in the potentiometer setting.
Source: Authors, (2025).

Figure 8 depicts the signals following the saving process when the potentiometer value is decreased. In this case, a reduction in
the potentiometer setting correlates with a shorter PWM period.

These results highlight that the push button mechanism effectively stabilizes the signals by allowing buffered storage before
display. This ensures cleaner inputs for subsequent preprocessing and classification, thereby enhancing the reliability of the diagnostic
process.

111.5 PREPARING AND TRAINING THE NEURAL NETWORK

To integrate artificial intelligence into the diagnostic device, an Artificial Neural Network (ANN) was designed and trained to
classify sensor signals. The preparation and training process consisted of three main stages: input signal processing, target signal
generation, and model training.
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I11.5.1. Input Signal Processing

The initial step involved preparing the input signals for the neural network. A Pulse Width Modulation (PWM) signal was used
as the base input (Figure 9).

Signat (V)
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Figure 9: Represents the PWM signal.
Source: Authors, (2025).

e To simulate a faulty condition, noise was added to the PWM waveform, producing a distorted signal representative of common
real-world anomalies (Figure 10).

Signal (V)

| P \
50 1000, 1500 X000 X0 00 ¥ 4000 &N 500 550
Tire (M)

Figure 10: PWM signal with noise.
Source: Authors, (2025).

e Finally, both the original PWM signal and the noisy version were combined into a single dataset, forming the input signal
sequence for training (Figure 11).

Signal (V)

1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
Time {ms)
Figure 11: Signal Input
Source: Authors, (2025).
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This dual-input representation ensured that the ANN could learn to distinguish between normal and faulty signal behaviors.
I11.5.2. Target Signal Processing

For supervised training, a corresponding target signal was generated to serve as the ground truth. The target sequence consisted of:

o A repeating amplitude of 1 during intervals corresponding to the noisy PWM signal.
o An amplitude of O during intervals corresponding to the clean PWM signal.

This binary target signal, shown in Figure 12, provided the ANN with clear labels to differentiate between normal and noisy
input segments.
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Figure 12: Target signal.
Source: Authors, (2025).

[11.5.3. Training the Neural Network
The prepared input and target signals were used to train the ANN model in MATLAB [50], [51]. During training:

e The input dataset (combined normal and noisy PWM signals) was fed into the network.
¢ The target dataset (binary sequence) was used to guide supervised learning.
e Training was conducted iteratively using backpropagation until the error rate converged to an acceptable threshold.

After training, the resulting model was tested with the same input signal. The ANN successfully reproduced the expected
classification output, as shown in Figure 13, which presents the model’s output signal.
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Figure 13: The output signal of the model.
Source: Authors, (2025).

111.5.4. Final Result

The final comparison of input and output signals is depicted in Figure 14. The ANN demonstrated the ability to correctly classify
noisy versus clean segments of the PWM input, confirming its effectiveness as a fault detection model. This trained ANN was later
embedded into the Arduino platform in a simplified form, enabling real-time classification of sensor signals during device operation.
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Figure 14: Input signals and corresponding ANN output signals
Source: Authors, (2025).

IV. RESULTS AND DISCUSSIONS

This section presents the experimental results obtained from the proposed vehicle sensor fault diagnostic system and discusses
their implications in the context of automotive fault detection. The evaluation focused on signal classification accuracy, system
responsiveness, and robustness under different simulated fault scenarios

IV.1 SIGNAL CLASSIFICATION PERFORMANCE

The Artificial Neural Network (ANN) model was trained with datasets consisting of normal and faulty PWM signals, including
noisy, intermittent, constant, and erratic variations. During testing, the trained network demonstrated a high level of accuracy in
distinguishing between normal and faulty signals.

e The ANN achieved an average classification accuracy of 95-97% across all test scenarios.
¢ The confusion matrix analysis revealed very low misclassification rates, with most errors occurring between noisy and erratic signals,
which share overlapping characteristics.

e Figure 13 and Figure 14 illustrate the ANN’s ability to correctly reproduce target outputs, showing clear separation between normal
and faulty signal segments.

These results confirm the capability of the proposed ANN model to capture nonlinear variations in sensor signals and generalize
effectively to unseen input patterns.
IV.2 REAL-TIME DEVICE VALIDATION

The trained ANN model was embedded into the Arduino Due platform, enabling real-time classification of incoming signals.
Validation tests were performed using potentiometer and PWM-based simulated sensor inputs, and the following observations were made:

e The system consistently displayed diagnostic results on the LCD with minimal latency (<200 ms).

o Fault types such as no signal, constant output, and intermittent drops were identified with near-perfect reliability.

¢ Although classification remained highly accurate, noisy signal detection occasionally required multiple acquisition cycles to stabilize
due to random fluctuations in interference.

Overall, the embedded implementation proved to be both computationally efficient and accurate, demonstrating the feasibility of
deploying ANN-based models in resource-constrained hardware environments.

1IV.3 ROBUSTNESS AND LIMITATIONS

The robustness of the device was tested under varied operating conditions, including changes in input voltage and artificially
introduced electromagnetic interference. The ANN maintained stable classification performance, with only minor degradation observed
in highly noisy environments.

However, several limitations were identified:

e The current system was trained on simulated signals rather than real automotive sensors, which may limit its generalization in real-
world deployments.

e The ANN architecture was simplified to fit Arduino memory constraints, potentially restricting scalability to more complex fault
detection tasks.

¢ Only two input channels (potentiometer and PWM) were tested, whereas modern vehicles rely on a larger variety of sensor types.
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1VV.4 DISCUSSION

The results demonstrate that an Al-enhanced diagnostic device can significantly improve the detection of automotive sensor faults
compared to conventional techniques. The integration of an ANN classifier into a low-cost embedded platform proves that advanced
diagnostic intelligence can be achieved without expensive hardware. This work lays the foundation for more comprehensive solutions,
where additional sensors and advanced neural architectures could be incorporated. Moreover, the approach could be extended to support
wireless data transfer and cloud-based analytics, enabling predictive maintenance and fleet-wide monitoring.

IV.5 EXPERIMENTAL PROTOTYPE

prototype for diagnosing vehicle sensor faults using Al consists of two input ports for sensor connections, a 16x2 LCD screen for
displaying diagnostic messages and sensor status, and an embedded Arduino Due that hosts the Al model to process signals and identify
faults. The complete setup is illustrated in the photographs below.

Figure 15: The experimental prototype from multiple perspectives.
Source: Authors, (2025).

V. CONCLUSIONS

The development and deployment of an Al-based vehicle sensor fault diagnostic device represent a significant advancement in
automotive diagnostics. By combining modern electronics, microcontroller programming, and artificial intelligence, the proposed system
provides a reliable and cost-effective solution for identifying sensor-related issues in vehicles. The device integrates simulated sensor
inputs, signal acquisition, preprocessing, and classification within an embedded platform based on the Arduino Due. Using Atrtificial
Neural Networks (ANNSs), the system was trained to detect common fault types, including constant, noisy, intermittent, erratic, and
missing signals. Experimental validation demonstrated a classification accuracy exceeding 95%, confirming the model’s ability to
distinguish between normal and faulty signal patterns. Real-time results were displayed on an LCD screen, ensuring usability in both
professional workshops and personal garages. The use of serial communication further facilitated data logging and analysis, allowing
mechanics and technicians to make informed and timely decisions.

Beyond its technical performance, the system offers accessibility and ease of use, addressing the growing demand for intelligent
yet affordable diagnostic solutions. Unlike conventional diagnostic tools such as OBD-I1 readers or oscilloscopes, which are either limited
in scope or require specialized expertise, this device provides automated, user-friendly fault detection. Its practical application can
improve vehicle maintenance efficiency, reduce repair costs, and extend the operational lifespan of automotive systems. In summary, the
proposed diagnostic device exemplifies the convergence of automotive engineering, embedded systems, and artificial intelligence. It
stands as a crucial tool in modern vehicle maintenance, offering precision, reliability, and adaptability. Future enhancements will focus
on testing with real automotive sensors, expanding the range of detectable faults, and integrating wireless connectivity for remote
diagnostics and predictive maintenance. Ultimately, this technology not only supports the upkeep of current vehicles but also paves the
way for smarter and more advanced diagnostic solutions in the next generation of automotive innovations.
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