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Abstract

This research focuses on the application of convolutional neural networks (CNNs) for fault
detection in ignition coils and fuel injectors of a YESA 3140 gasoline engine. The objective
is to design a CNN capable of identifying when the spark ignition engine (SIE) is operating
under optimal conditions and when it presents specific power supply disconnection faults
in the four injectors and four coils. Signals from the knock sensor (KS) and camshaft position
sensor (CMP) of the SIE were acquired using a MyDAQ data acquisition card and LabVIEW
software version 2024. A strict sampling protocol was followed: each replicate had a
duration of 5 s while the engine was running at normal operating temperature and idle
speed. Prior to each sampling, the SIE was operated with the corresponding fault induced
for 5 min. The signals obtained from the KS sensor were transformed into spectrograms,
which were then used to train various CNN models. The resulting CNN achieved a
classification error of 3.21%. The algorithm was validated by inducing supervised faults in
various Otto cycle engines.

Keywords: CNN; MEP; electrical faults; ignition coils; fuel injectors; diagnosis

1. Introduction

Early detection of faults in vehicle drive systems is important for ensuring good
performance and extending the service life of spark ignition engines (SIE). According to
data from the National Institute of Statistics and Census (INEC), there are 29,068 entities
related to the automotive sector in Ecuador, and approximately 70% of them are dedicated
to maintenance and repair services [1]. Despite this, in cities such as Guayaquil, many
workshops still use conventional diagnostic methods that rely mainly on the technician’s
experience. This dependence on subjective criteria can lead to errors in identifying faults
and even to unnecessary mechanical interventions [2].

Over time and with continuous use, spark ignition engines (SIE) are susceptible to a
wide range of mechanical failures caused by component wear, material degradation, or
severe operating conditions. These factors compromise not only engine efficiency but also
cause an increase in pollutant emissions. In this context, the timely detection of anomalies
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in PIE engines is important for maintaining their functionality, improving their operational
safety, and reducing their environmental impact [2,3]. In general, the diagnosis of faults
in MEP engines not only seeks to increase the reliability and efficiency of the system, but
also to promote the development of advanced technologies that respond to the growing
complexity of modern automotive systems [4,5].

Within this context, machine learning is proposed as a methodology for fault diagnosis,
since it is an artificial intelligence technique that deals with the design and development of
algorithms capable of solving specific tasks using patterns from a database and applying
them to make decisions [6-8]. In the field of machine learning, artificial neural networks
(ANNSs) have shown outstanding performance in identifying both mechanical and electrical
faults in spark ignition engines (SIE) [9-11]. Thanks to their learning and generalization
capabilities, these techniques have positioned themselves as an effective alternative for
the implementation of intelligent systems aimed at real-time diagnosis and early fault
detection [12]. Similarly, their contribution has been key to improving operational reliability
and strengthening predictive maintenance strategies in this type of machine [13,14].

Within the field of machine learning, deep learning has gained relevance due to its
ability to interpret and learn complex patterns in large volumes of data [15,16]. On the
other hand, one of the most representative architectures of this approach is convolutional
neural networks (CNN), which are derived from the traditional artificial neural network
model but are distinguished by operating mainly with images as a data source, making
them particularly effective in visual recognition tasks [17].

The basic architecture of a convolutional neural network consists of multiple layers
that perform specific operations within the learning process. Among these is the Rectified
Linear Unit (ReLU) activation function, which introduces non-linearity into the model and
allows both positive and negative values to be processed, thus promoting more efficient
convergence during network training. Finally, the network has an output layer that delivers
the system’s response based on the processed patterns [6]. Convolutional neural networks
(CNNis) have established themselves as an effective alternative in fault detection, thanks to
their ability to process complex visual data, automatically identify patterns, and facilitate
the early detection of anomalies in dynamic systems [17-20].

In recent years, deep learning techniques have significantly improved fault diagnosis
performance due to their ability to automatically extract complex patterns from raw data.
In particular, convolutional neural networks (CNNs) have shown strong capabilities in
processing time—frequency representations such as spectrograms, enabling the identifica-
tion of fault-related features without manual feature engineering. Several studies have
demonstrated the effectiveness of CNN-based approaches in vibration and acoustic signal
analysis for fault diagnosis in mechanical systems [11-22].

The use of spectrograms as input to CNN models has become a widely adopted
strategy in fault diagnosis, as it allows transforming one-dimensional signals into two-
dimensional representations that capture both temporal and frequency-domain informa-
tion. This approach enhances feature separability and improves classification performance
compared to traditional signal-based methods. Previous research has validated the effec-
tiveness of this representation in diagnosing faults in rotating machinery and automotive
systems [15-23].

This study adopts an important approach using machine learning for the identification
and classification of faults related to the ignition coils and injectors of an MEP [12]. Fault
diagnosis using machine learning techniques is usually based on data obtained from various
sensors installed in the drive system [24]. In particular, this research uses information from
the knock sensor (KS) and the camshaft position sensor (CMP), which allow relevant
signals from the engine’s operating behavior to be captured. Based on this data, an
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artificial neural network (ANN) with its own architecture was designed, following the feed-
forward backpropagation approach, widely recognized for its ability to model complex
dynamics [25-27]. This type of ANN represents an effective alternative to traditional
diagnostic methods, offering greater accuracy and adaptability [28].

In addition to machine learning-based approaches, fault diagnosis in spark ignition
engines has also been addressed through physics-based models, advanced signal processing
techniques such as wavelet transform, frequency domain analysis, and expert systems.
These approaches allow for the identification of anomalies based on mathematical models
of the system or by extracting specific features from the signals. However, they have
limitations in environments with high operational variability or when precise system
models are not available.

In this context, the present study proposes a fault diagnosis approach based on con-
volutional neural networks (CNN), using spectrograms derived from knock sensor (KS)
signals. The proposed methodology enables the classification of nine operating conditions,
including normal operation and eight fault scenarios related to ignition coils and fuel
injectors. The main contribution of this work lies in the integration of time—frequency
signal analysis with deep learning techniques under a structured experimental framework,
providing a reproducible approach for intelligent fault diagnosis in spark ignition engines.

This article is organized as follows: Section 2 describes the materials, data acquisition,
and methodology used; Section 3 presents the results obtained; Section 4 discusses the
findings in comparison with previous work; finally, Section 5 presents the conclusions and
future research directions.

2. Materials and Methods
2.1. Experimental Unit

The engine used in this research is a YESA 3140 model, whose technical specifications
are detailed in Table 1. Prior to sampling, the correct operation of the test bench was
verified and it was ensured that the operating conditions of the engine were stable and
representative of actual behavior. This was done in order to obtain reliable, high-quality
data and avoid capturing signals resulting from an abnormal state different from that of
the sampling.

Table 1. Especificaciones técnicas del motor YESA 3140.

Characteristics Specifications
Model NF Sonata (Hyundai Motor Company
(Seoul, Republic of Korea))
Valve train system DOHC
Displacement 20L
Compression ratio 10.5
Fuel system Indirect gasoline injection
Power 143 HP @ 6000 RPM
Torque 188 Nm @ 4250 RPM

Engine used for research.

2.2. Sensors Used for Data Acquisition

The signals corresponding to the KS and CMP sensors were recorded, which allow,
respectively, to detect the vibration generated by the engine under different operating
conditions and to identify the phases of the working cycle of a spark ignition engine
(SIE) [13]. Once the sensors were defined, their signals were validated using an oscilloscope.
The waveforms of the KS and CMP sensor signals have a sampling interval of 5000 ms
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and a scale of 50 mV per division. This verification confirmed the accuracy of the signals
acquired before processing.

Once the instrumentation system was connected, the operating conditions to which
the experimental unit would be subjected were defined. To do this, an experimental plan
was designed in Minitab software version 21, which included two replicates per treatment
and initially generated a total of 32 combinations. However, scenarios corresponding
to combined failures of both injectors and ignition coils were excluded due to their low
representativeness and practical relevance [29]. As a result, nine experimental treatments
were established, each with 10 repetitions to ensure the statistical validity of the data [12,13].
The defined treatments are detailed in Table 2.

Table 2. Functional conditions for the experimental unit.

N° Condition Identifier
1 Engine operating normally 100
2 Coil failure 1 200
3 Coil failure 2 300
4 Coil failure 3 400
5 Coil failure 4 500
6 Injector failure 1 600
7 Injector failure 2 700
8 Injector failure 3 800
9 Injector failure 4 900

Each condition is identified.

2.3. Implementation

Data acquisition involved the use of sensors, DAQ cards, and a computer equipped
with LabVIEW software, which is a graphical programming interface on a PC for more
robust, versatile, and affordable measurement [5]. In general, the instrumentation used
consists of: the YESA 3140 experimental unit, a G-Scan 2 automotive scanner, KS and CMP
sensors, a MyDAQ data acquisition card, and a laptop computer. Figure 1 shows both the
instrumentation described and the flow of data from the experimental unit to the computer.

2. Automotive Scanner

1. NF Sonata (Hyundai
Imotor Company B. Sensors }4 MyDAQ | F Computer

Figure 1. Instrumentation for data collection.

2.4. Instrumentation for Data Acquisition

LabVIEW software, configured according to technical references from specialized
literature, was used for data acquisition and storage in Excel (.xls) format. The acquisition
system was set with a sampling frequency of 20 kHz and blocks of 1000 samples per read.
Under a continuous acquisition mode, this configuration allows approximately 20,000 data
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points to be recorded per second, since multiple sequential reads are performed within each
second. This approach ensures adequate temporal resolution for capturing the knock phe-
nomena occurring within the engine cylinders, while maintaining efficient data handling
during acquisition. The sampling frequency of 20 kHz complies with Nyquist’s criterion,
which establishes a minimum data acquisition rate of twice the maximum frequency of
the phenomenon to be captured. In the specific case of the KS sensor, whose characteristic
frequency is 9.35 kHz, the minimum value required according to this criterion would be
18.7 kHz. Therefore, the selected frequency guarantees accurate signal reconstruction. Ad-
ditionally, an input range for the analog signal was set between —5V and +5 V to capture
the complete duty cycle of the signals emitted by the sensors.

Data acquisition followed a systematic protocol. First, the operating condition corre-
sponding to the MEP was applied and left to run continuously for a period of five minutes.
Subsequently, using an automotive scanner, it was verified that the spark ignition engine
(MEP) was operating at idle speed and had reached a stable operating temperature between
90 °C and 95 °C [28]. Once these criteria were met, the signal was recorded for a five-second
interval for each of the experimental conditions defined in Table 2. Ten replicates were sam-
pled for each condition [12]. The complete data acquisition procedure is described in the
flowchart in Figure 2. The meteorological conditions and weather conditions under which
the samples were taken were: ambient temperature of 28 °C to 31 °C and atmospheric
pressure of 1007 hPa.

START |«

N Prepare the
engine with a
new condition

|

No

A 4
Connect correctly KS
and CMP sensors
with MyDAQ board

Conextion is
working?

Run the engine and
record and register the
signal with LabVIEW
software

Yes

A (.xls) file is
generated with the
recordered data

All conditions are
recordered?

Figure 2. Process flowchart for data acquisition.

2.5. Data Processing

For data processing, a script was developed in Matlab that allowed a total of
280 samples to be extracted for each engine operating condition. Each sample was stored
in “.mat” format and contained 3553 data points from the knock sensor (KS). Figure 3a
shows the flowchart summarizing the procedure prior to the introduction of the data into
the convolutional neural network (CNN). The process began with the dataset recorded in
xls format, in which the recorded signals from the KS and CMP sensors were organized
into columns. Subsequently, using processing tools in Matlab, the data was reorganized
and converted to “.mat” format to optimize its use in deep learning environments.
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(a) (b) (c)

Figure 3. Flowchart (a) data conversion process, (b) signal segmentation process, (c) obtaining
the spectrogram.

2.6. KS Sensor Signal Segmentation

Figure 3b shows the flowchart describing the procedure carried out for signal analysis
and segmentation. The process began with the loading of data corresponding to the CMP
and KS sensors. Subsequently, a Butterworth filter was applied to the CMP signal in order
to reduce noise and improve the detection of relevant events. After filtering the signal, the
significant peaks of the CMP were identified, which defined the period associated with a
complete engine cycle. In each recorded sample, 26 peaks were detected, therefore, 25 cuts
were made for each one. With 10 samples for each condition, 250 signal segments were
obtained for each treatment. Finally, each segment was stored individually in “.mat” format
files for subsequent input into the CNN algorithm.

2.7. Conversion of Signal Segments into Spectrograms

Figure 3c shows the flowchart for processing the signal from the knock sensor (KS).
The process began by loading the file that stores the information collected by the sensor.
Next, the signal spectrogram was calculated and its scale was converted to decibels (dB) to
generate a color map that allowed the variation in power to be visualized as a function of
time and frequency.

Each spectrogram generated was exported in “.png” image format, and this process
was automated using a script developed in Matlab. In this way, the set of images needed to
train the convolutional neural network (CNN) was systematically generated.

As a result of the process, spectrograms were obtained. Figure 4 shows one of them,
which represents a two-dimensional matrix whose horizontal axis corresponds to the time
and the vertical axis to the frequencies contained in the signal, with the low-frequency
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components located at the bottom and the high-frequency components at the top. The color
scale represents the third dimension and indicates the amount of energy contained in the
signal at each point, or the spectral power density expressed in decibels (dB).

Spectrogram
T

250 — —|

200 =

@
3
T
I

Frequency

50 = —— =

Time

Figure 4. Spectrogram graph generated from a fragment of the KS sensor signal.

The spectrogram is constructed from segments of the signal contained within a param-
eter known as a “time window.” The window moves along the original signal to obtain
different fragments as time progresses. Thanks to this method, it was possible to clearly
observe the behavior of the spectral content throughout the recorded period.

2.8. Design and Training of the Convolutional Neural Network

The convolutional neural network (CNN) was designed for classifying spectrograms
obtained from signals of the detonation sensor (KS). As input, 224 x 224 pixel images with
three color channels were used. The network architecture consists of multiple convolutional
layers with 3 x 3 filters and same padding, organized into blocks that include batch
normalization and ReLU activation functions. Initially, 16 filters were employed, gradually
increasing to 56 filters in the deeper layers, which allowed for the extraction of hierarchical
features from the spectrograms. To reduce dimensionality and select relevant features,
MaxPooling layers with 3 x 3 and 2 x 2 windows were incorporated. Subsequently, two
fully connected layers with 256 and 128 neurons were included, respectively, followed by
an output layer with 9 neurons, corresponding to the evaluated operating conditions. The
final classification was performed using a softmax function.

Figure 5a shows the flowchart corresponding to the procedure implemented for the
design, training, and validation of the convolutional neural network (CNN). The first step
involved loading the database containing the previously generated spectrograms, which
were used in both the training and validation stages of the model.
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Network Save the s
— END
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(a) (b)

Figure 5. Flowchart (a) CNN training, (b) CNN validation.

Once the architecture of the convolutional neural network (CNN) was defined, the
model was trained using the generated spectrograms. The network consists of an in-
put layer, multiple convolutional layers with ReLU activation functions, reduction layers
through MaxPooling, and a final classification layer. This structure allows for the progres-
sive extraction of features, from simple patterns like edges and textures to more complex
representations associated with the engine’s operating conditions.

MaxPooling layers reduce the dimensionality of the data, preserving the most relevant
information and improving computational efficiency. This iterative process across different
layers facilitates the extraction of high-level features that are used in the classification stage.

During training, the model’s performance was evaluated using accuracy (mini-batch
accuracy) and the loss function (mini-batch loss), as shown in Table 3. A progressive
improvement in accuracy was observed as the iterations advanced, starting from 25% and
reaching values close to 100% in the final stages of training. After a re-training process,
an approximate variation of 4% in accuracy was observed, indicating consistency in the
model’s behavior. Additionally, the loss values corresponding to the iterations with the
highest accuracy were analyzed, resulting in an average value of 3.21%, which represents
the proportion of information not captured by the network during the learning process.

Table 3. CNN training results.

Iteration Mini-Batch Mini-Batch Loss Learning Rate
Accuracy (%)

1 25.00 19.1740 0.0010
12 18.75 21.8861 0.0010
34 90.62 0.5216 0.0010
36 100.00 0.2192 0.0010
39 96.88 0.0770 0.0010
40 96.88 0.1638 0.0010
42 100.00 0.0649 0.0010
44 100.00 0.0292 0.0010
46 100.00 0.0022 0.0010

The chart shows the iterations with the most significant changes.

Finally, once the convolutional neural network (CNN) was trained, it was implemented
as a diagnostic system aimed at detecting faults in the ignition coils and engine injectors.
Its operation was validated by identifying the different operating conditions of the engine,
and its ability to identify patterns associated with normal and abnormal operating states

was verified.
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Figure 5b shows the flowchart for the fault diagnosis system validation process. At this
stage, the test samples are loaded in spectrogram format and entered into the previously
trained convolutional neural network. Once processed by the network, it outputs the
classification of the engine’s operating condition, allowing the accuracy and effectiveness
of the developed system to be verified.

3. Results

The results obtained from the model validation are presented in Figure 6, where
the confusion matrix shows that the neural network correctly classified all the validation
samples for the detection of each fault, indicating that the CNN was able to identify the
different engine states.

Coil 1

Coil 2

Coil 3

Coil 4

Engine ok

True Class

Iniector 1

Injector 2

Injector 3

Injector 4

Coil 1 Coil 2 Coil 3 Coil 4 Engine ok Iniector 1 Injector 2 Injector 3  Injector 4
Predicted Class

Figure 6. Confusion matrix.

Additionally, the matrix shown in Figure 6 displays the results of fault classification
using the proposed model and reflects that the CNN performs optimally in identifying the
different operating conditions of the motor. There is a very precise match between the actual
and predicted categories, with a total of 112 correct predictions in each class, suggesting
that the system is able to accurately differentiate between faults in coils, injectors, and the
engine in optimal operation. The diagonal arrangement of the values in the matrix indicates
an error-free classification, which validates the model’s ability to distinguish with high
certainty between different operating conditions. This result reinforces the reliability of the
implemented approach and its applicability in real automotive diagnostic environments.

Figure 7 shows an interface developed in LabVIEW, designed to validate the pro-
cessed samples against the original data. The display distinguishes two main sections: one
corresponding to the initial samples and the other to the trained samples. The system incor-
porates a cylinder identifier that allows the fault to be located within the four cylinders of
the engine, highlighting in red the one where the anomaly is detected. In addition, a section
is included that shows the status assigned to each condition and the corresponding fault
code, which facilitates the accurate classification of the different types of faults identified
during the diagnostic process.
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Figure 7. Verification of fuel injector failure in MEP with interface development in Labview.

An analysis of variance (ANOVA) was used in Minitab software to check the consis-
tency between the responses obtained by the convolutional neural network (CNN) and
the actual behavior of the engine during operation. It was found that both belong to the
same grouping category (A), suggesting a strong match between the actual data and what
the model predicts. In addition, the statistical significance value obtained (p-value = 0.953)
shows that the results obtained from the CNN have a confidence level of between 95.3%
and 98%.

Figure 8a shows that when the data is grouped and Tukey’s method is applied, there is
a 95% confidence index between the responses obtained from the CNN and the actual con-
dition of the MEP. It is concluded that the means are equivalent and there is no significant
difference. For this reason, it is confirmed that the means of each of the responses coincide
at a value close to zero. Similarly, Figure 8b shows the interval graph that demonstrates that
the tests under the actual operating conditions of the MEP and the prediction generated by
the neural network are statistically equivalent, given that the 95% confidence intervals over-
lap significantly. Thus, it is verified that the model has a good fit and that its predictions do
not differ significantly from the system values. Finally, Figure 8c shows the graphs obtained
from residuals under real conditions, with the aim of verifying the statistical assumptions
of the proposed model. Thus, the normal probability graph shows an approximately linear
distribution of the residuals, indicating that they conform to a normal distribution. For its
part, the histogram graph reflects a symmetrical dispersion around zero, which reinforces
this normality. Similarly, the graph of residuals versus adjusted values does not show any
defined patterns, indicating homogeneity of variance. Finally, the analysis of residuals as a
function of the order of observation indicates a random distribution, without systematic
trends, suggesting that there is no temporal correlation between them. Taken together,
these results support the validity of the model and provide reliability of its estimates under
real operating conditions.
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Figure 8. Graph (a) differences in means, (b) data intervals, (c) residual analysis.

4. Discussion

Results obtained in this research confirm that convolutional neural networks (CNN)
are a highly effective tool for detecting faults in spark ignition engines (SIE) and achieve
a high level of accuracy. This result shows that the model can effectively recognize and
capture patterns that allow it to distinguish between specific faults in the ignition coils
(cylinders 1, 2, 3, and 4) and in the corresponding fuel injectors.

The CNN demonstrated outstanding performance in terms of classification, with
minimum error margins of 6%, 2%, and 0.2%, respectively. When comparing these results
with previous studies such as [1,5,25], it is confirmed that, in general terms, neural networks
perform better in data classification tasks, especially under different operating conditions
of a spark ignition engine.

In comparison, the error percentages reported in previous research 0.0082% [5],
3.64% [30], 0.1267% [25], and 0.3335% for support vector machines (SVM) [13] with the
information loss value obtained in this study (3.21%), it is evident that the CNN model
developed is within acceptable margins and comparable to previously validated method-
ologies. Consequently, it is concluded that CNNs represent a viable and effective alternative
for the automatic classification of faults in MEP engines.

In addition, recent research has demonstrated the effectiveness of integrating time—
frequency signal representations with deep learning models for fault diagnosis in mechani-
cal systems. The use of spectrograms as input data allows convolutional neural networks
to simultaneously capture temporal and frequency-domain characteristics, enhancing their
ability to discriminate between different fault conditions. Studies such as those by Yoo
et al. [21] and Zheng et al. [22] have shown that this approach improves classification
performance in vibration-based diagnostics. Likewise, Qiu et al. [11] reported that deep
learning methods, particularly CNNs, surpass traditional machine learning techniques
due to their capacity for automatic hierarchical feature extraction, eliminating the need for
manual feature engineering.

https:/ /doi.org/10.3390/vehicles8060122


https://doi.org/10.3390/vehicles8060122

Vehicles 2026, 8, 122 12 of 14

5. Conclusions

The CNN network was structured with an input layer, followed by ReLU activation
functions, dimension reduction layers using MaxPooling, and finally an output layer
responsible for classification. This configuration allows 100% accuracy in fault classification,
with a minimum information loss of 3.21%.

Using one-way analysis of variance (ANOVA), it is demonstrated that there is no
statistically significant difference between the actual fault classification and the results
obtained by the convolutional neural network (CNN). The value of p = 0.953 supports this
statement, indicating a high correspondence between both responses, which validates the
accuracy of the model in identifying motor faults.

This paper shows the acquisition of data from the KS and CMP sensors using a
MyDAQ acquisition card and LabVIEW software, configured with a sampling frequency of
20 kHz. This configuration provided sufficient information to generate spectrograms, which
were used in the training and validation stages of the convolutional neural network (CNN).

This work contributes to the advancement of diagnostic methods that do not require
physical intervention on the engine, which avoids having to dismantle parts to detect faults,
something that is still common in several workshops in Guayaquil. In this sense, the use
of a non-CNN not only optimizes diagnostic times, but also offers a more economical,
accurate, and efficient alternative for detecting faults in injection and ignition systems.

The results achieved demonstrate that the use of convolutional neural networks is
an effective option for automatically identifying faults in the ignition coils and injectors
of a spark ignition engine (SIE), using only the signal from the KS sensor. Unlike other
approaches, including conventional neural networks, CNNs have the advantage of han-
dling large amounts of data without negatively affecting their performance, as they do not
usually present problems of saturation or loss of performance.
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