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Detecting and rectifying spark plug faults are pivotal in preventing engine-
related issues that can have substantial operational and financial
consequences. To improve the accuracy and robustness of spark plug fault
diagnosis, this research introduces a novel Convolutional Transformer
approach that leverages the strengths of Convolutional Neural Networks
and Transformers, which effectively capture both local and extended
temporal dependencies within spark plug acoustic signals. The results of
this groundbreaking approach, as presented in accompanying tables and
figures, demonstrate its superior performance, achieving an impressive
97.1% accuracy in a challenging 4-class classification scenario using solely
acoustic signals. This achievement signifies a significant advancement in
spark plug fault detection, potentially ushering in more reliable and precise
diagnostic methods, ultimately contributing to the prevention of costly
engine breakdowns and the extension of engine lifespan. Deep learning
techniques such as Convolutional Transformers offer a promising way to
improve the reliability and performance of internal combustion engines as
the automotive industry continues to evolve, highlighting the importance of
this research for future automotive developments.
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1- Introduction

The proper functioning of spark plugs in spark ignition engines is paramount for
maintaining engine efficiency and overall performance [1]. Spark plug faults, such as
fouling or improper gaps, can significantly impact engine operation, leading to issues like
misfires, knocking, hard starts, and reduced gas mileage. Furthermore, the widening of the
spark plug gap can result in the deterioration of engine performance [2], causing misfires
and knocking due to pre-ignition between the spark plug electrodes [3]. In essence, spark
plug faults represent a crucial aspect of diagnosing engine problems, and addressing them
promptly is essential to prevent costly breakdowns [4].

Various diagnostic techniques have been explored in the quest for reliable methods to
detect spark plug faults. Researchers have extensively investigated using vibration and
acoustic signals to monitor engine conditions and identify spark plug issues. Vibration
analysis has been a key component of fault recognition, with studies converting analog
vibration signals into digital data for in-depth analysis [4]. The use of fuzzy and
probabilistic methods, such as the Fuzzy and Probabilistic Simultaneous-Fault Diagnosis
(FPSD), has further expanded the toolbox for engine fault diagnosis [5].

As the volume of data generated by these monitoring techniques can be substantial,
feature extraction and selection are essential. Extracting relevant information from the
acoustic and vibration signals is critical to reducing computational complexity and
improving classifier performance [6]. When correctly chosen, these features can diagnose
faults in various mechanical components across different systems [7].

The success of a diagnostic method hinges on the classification algorithm used. Several
approaches have been explored, such as Dempster-Shafer evidence theory, which
leverages evidence fusion techniques to improve fault detection [8]. Furthermore, the
Least Square Support Vector Machine (LS-SVM) has shown its efficiency in fault diagnosis
[9]. Artificial Neural Networks (ANNs) have been used in pattern recognition, fault
detection, and data classification [10]. Vibration and acoustics are essential techniques in
engine condition monitoring. They are reliable and effective for analyzing engine behavior,
as failures often impact engine sound and vibration patterns. Much literature has focused
on using acoustics and vibrations for fault diagnosis and engine condition monitoring [3].

While machine learning and deep learning have applications in various systems, including
internal combustion engines, Convolutional Neural Networks (CNNs) and Transformers have
not been extensively studied for spark plug fault diagnosis. Machine learning approaches, such
as random forests, Support Vector Machines, and K-means, have been used in prior research
for signal-based fault detection [11]. However, the potential of deep learning models,
particularly the combination of CNNs and Transformers, presents an exciting avenue for
improving the accuracy of spark plug fault diagnosis within internal combustion engines.

This paper proposes a novel Convolutional Transformer approach for spark plug fault
diagnosis using acoustic signals. Drawing inspiration from recent advancements in deep
learning and feature-learning techniques, we aim to harness the power of CNNs for
effective feature extraction from acoustic signals and exploit Transformers to model
temporal relationships within the data. By combining these state-of-the-art techniques, we
seek to enhance the accuracy and robustness of spark plug fault diagnosis, ultimately
contributing to the prevention of engine breakdowns and the extension of engine lifespan.

2- Dataset

This study investigated the XU7 four-cylinder spark-ignition (SI) engine featuring both
functional and defective spark plugs. The specifications of the engine are illustrated in Table 1.
Acoustic signals were recorded under various engine conditions to assess their differences.
Under normal operating conditions, all four cylinders had properly functioning spark plugs
with a 0.9 mm gap. To create an abnormal condition mimicking engine wear, a spark plug with
a 1.4 mm gap, known as a wide spark plug gap, was introduced. A healthy and faulty spark
plug is shown in Figure 1.
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Table 1 The specifications of the engine [12]

Engine type 4-cylinder inline
Firing order 1-3-4-2

Engine capacity (cc) 1761

Number of valves 8

Compression ratio 9.25:1

Fuel system Multi-point injection
Maximum power (hp/r/min) 97/6000

Maximum torque (N.m/r/min) 148/3500

L 1 - o]
Figure 1 a) healthy, gap = 0.9 mm and b) faulty spark plug, gap = 1.4 mm [13]

The three specific abnormal conditions examined were as follows:

1. A faulty spark plug was placed in the first cylinder.

2. A faulty spark plug was placed in the second cylinder.

3. A faulty spark plug was placed in the third cylinder.

These conditions are detailed in Table 1. The engine operated at an idle speed of 867
rpm without any external load, chosen to create a scenario where defects were less likely
to appear, making fault detection more challenging.

Acoustic signals were recorded using a B&K microphone (type 4188) placed on top of
the engine. Data acquisition involved a Briiel & Kjzer (B & K) NEXUS conditioning amplifier
(type 2692) with high bandwidth and a 17-channel data acquisition system. Two channels
were dedicated to capturing acoustic and crank position signals. Signals were sampled at
32,768 Hz for 5 seconds, and each engine condition underwent four sampling repetitions.

Each original signal, with a length of 163,840, was segmented into 140 sample signals,
generating 700 acoustic samples for each engine condition. A "sample signal" represented
a segment spanning two complete revolutions of the crankshaft, during which four
combustions occurred, with each spark plug firing once within the duration of the sample
signal [13].

Figure 2 shows samples of waveforms for each normal class and three fault classes.

3- Methodology

Figure 3 illustrates a convolutional transformer model designed for spark plug fault
classification. This efficient approach seamlessly integrates the merits of CNNs and the
transformer model. Commencing with the acoustic signal, this technique employs CNNs to
extract pertinent features. The transformer subsequently processes the resultant features
to model temporal relationships. These transformed features are then directed into the
classifier for fault diagnosis. This method strives to leverage local and extended temporal
dependencies in spark plug acoustic signals, ultimately enhancing the efficiency of fault
diagnosis in internal combustion engines. This approach optimally diagnoses spark plug
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faults by merging the feature extraction capabilities of CNNs with the temporal
transformer's ability to capture long-term temporal dependencies and patterns. CNNs
excel at extracting local acoustic signal features, while the temporal transformer adeptly
captures extended temporal dependencies, ensuring precise fault assessments [14].
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Figure 2 Sample waveforms for each class
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Figure 3 Convolutional-transformer model architecture

Convolutional Neural Networks (CNNs) are intricate neural networks featuring layers like
input, convolution, pooling, fully connected, and output. They specialize in feature learning,
progressively extracting meaningful features through convolutional, activation, and pooling
processes applied to input data. This enables the network to identify unique data
characteristics. Convolution layers apply filters to raw input data, creating invariant local
features. Simultaneously, pooling layers extract essential information from the convolved data
[14]. In mathematical terms, the convolution operation is represented as follows:
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b = (ZiXi « Wy + by 1)

h; denotes the j-th output feature map in the current convolutional layer while X;

signifies the i-th feature map from the previous layer. The convolution operator (*)
connects them through Wj;, the convolution kernel mapping from c input features to the

current layer's j-th output feature. b; represents the bias for the j-th feature kernel and fis

the activation function, typically ReLU, expressed as:
0, x<0

fx) = {x, x>0 (2)

The pooling layer reduces output dimensionality through non-linear down-sampling
techniques, such as maximum pooling, average pooling, and random pooling. Maximum
pooling is commonly applied and can be mathematically expressed as follows:

Where X; represents the j-th output from the current pooling layer, the constant q; is
used to control the level of data adjustment by the pooling layer. The down(X;) function
describes the down-sampling applied to the i-th output from the preceding layer. b;

denotes the bias linked to the j-th feature kernel in the current pooling layer. Finally, f
represents the activation function. The structure of the suggested CNN feature extractor is
illustrated in Figure 4.
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Figure 4 Proposed CNN feature extractor architecture

The transformer design combines stacked encoder and decoder modules [15]. Figure 5
depicts this structure: the encoder (left side) transforms input data into feature vectors
using multi-head attention and a fully connected layer. The decoder uses the encoder's
output and previous predictions on the right, employing masked multi-head attention,
multi-head cross-attention, and a fully connected layer.
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We utilized a temporal transformer encoder of multiple layers with two sub-layers:
multi-head self-attention and a position-wise fully connected feedforward network [16].
Residual connections are applied to address the vanishing gradient problem, along with
layer normalization. The sub-layer output can be represented as:

LayerNorm[x + Sublayer(x)] (4)

Where Sublayer(x) denotes the sub-layers function. All model sub-layers, including the
embedding layers, generate outputs of dimensionality dy,oqe for seamless integration of
residual connections.
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Figure 5 The overall architecture of the transformer

Machine learning's attention mechanism allows a model to focus on particular parts of
the input sequence, which are inputted as a set of key-value pairs and a query vector. The
query vector represents the model's current focus, whereas the key-value pairs
correspond to different parts of the input sequence. The attention function calculates a
weighted summation of the value vectors, where the compatibility between the query
vector and the key vectors determines the weights. This allows the model to emphasize
the most relevant parts of the input sequence based on the query. The query vector comes
from the model's encoder, and the key-value pairs contain information about different
segments of the input sequence. The keys assess compatibility, and the weights assigned
to the value vectors influence the output. The output is a weighted sum of the value
vectors, with weights calculated by a compatibility function measuring the similarity
between the query vector and the key vectors.
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Figure 6 provides a visual depiction of the schematic representation of multi-head
attention, showcasing the concurrent operation of numerous parallel attention layers.
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Figure 6 Multi-head attention schematic

Scaled dot-product attention is the primary approach for calculating attention
interactions, known as self-attention computation [15]. This method involves organizing
queries into a Q matrix keys into a K matrix, both with dimension dy, and values into a V
matrix with dimension d,. The output matrix is determined as follows:

T
Attention(Q,K,V) = Softmax <\Q/Z_> \Y (5)
K

Multi-head attention uses linear projections for transforming queries, keys, and values
into dx and d, dimensions, each learned separately. The attention function is performed
on these versions simultaneously, producing d, -dimensional output values. This enables
the model to consider information from various representation subspaces and positions
simultaneously. Mathematically, this can be represented as follows:
MultiHead(Q, K,V) = Count(head,, head,, ..., head, )W ° (6)
head; = Attention(QW,%, KWX,vw}) (7)

where linear projection matrices WiQeIR{dmodelek, WiKe]Rdmodelek, Wive]RdmodeleV,
and WO e R4v*dmodel,

The temporal transformer encoder module in Figure 7 processes CNN-extracted
features. Self-attention records interactions in the feature sequence, allowing the model to
discover long-term dependencies within acoustic signals. This comprehensive
understanding makes it easier to identify temporal patterns. The features are integrated
with the input features utilizing residual connections and layer normalization. A
feedforward network strengthens non-linear interactions and extracts discriminative
high-level information for classification.
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Ultimately, the algorithm transforms the input sequence and uses it for classification.
This transformation is normalized to increase its discriminative ability and diminish the
effects of scale and distribution. A classification layer is then applied to the transformed
representation, mapping it to a vector of class scores. The class scores are turned into a
probability distribution using a Softmax layer, ensuring that the probabilities collectively
equal one. As a result, anticipated class labels can be construed probabilistically. The
temporal encoder uses self-attention, feedforward networks, classification, and Softmax
layers to discover the temporal dynamics and complex patterns in CNN-based acoustic
signal characteristics.

4- Results and Discussion

Our initial step involved utilizing a CNN to extract essential features from the collected
signals. This network utilized 1D convolution operations with a ReLU activation function
and max-pooling using a kernel size 3. A visual representation of the feature extraction
network structure can be observed in Figure 4, and the implementation parameters are
detailed in Table 2.

Following feature extraction, our approach for fault detection in spark plug utilizes a
transformer-based architecture with self-attention mechanisms for capturing temporal
dependencies. This architecture includes a self-attention layer, layer normalization, and
removal regularization. A feedforward network further processes the features, and a final
layer maps them to output classes, with a Softmax layer generating class probabilities.
Model parameters were carefully chosen through iterative experiments, ensuring
efficiency and effectiveness. Table 3 details the selected parameters for our method's time
transformer encoder component.
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Table 2 CNN feature extraction parameters

Conv 1D Maxpoolig 1D
Filters 4,8,16,16,32 Pool size 3
Kernel sizes 33,17,9,5,3 Padding Same
Strides 1 Fully connected neurons 256
Activation ReLU
Padding Same

Table 3 Transformer parameters

Parameter Value Training Option Value

Hidden size 128 Loss function Cross Entropy Loss
Number of layers 6 Optimizer Adam

Number of heads 8 Number of epochs 250

Activation function ReLU

To ensure a comprehensive evaluation, a 10-fold cross-validation technique was
utilized. This method partitions the data into ten subsets, allowing each part to serve as
the test data once, providing a comprehensive assessment of our model's performance.

Additionally, we implemented a convolutional neural network (CNN) for comparative
purposes. This CNN shares a similar architecture with our feature extraction network,
differing only in the presence of a fully connected layer comprising 100 neurons, followed
by a final layer with 4 neurons using Softmax activation for classification.

In Tables 4 and 5, our approach's effectiveness becomes evident as the conventional
transformer model achieved an accuracy of 0.97, surpassing the convolutional network's
0.91 accuracy. This stark contrast underscores the pivotal role of our transformer
architecture in harnessing CNN-extracted features for spark plug air gap fault detection.

Table 4 Convolutional transformer classification scores

Number Precision Recall score F1- score
Normal 0.98 0.99 0.98
Fault 1 0.97 0.95 0.96
Fault 2 0.96 0.97 0.97
Fault 3 0.97 0.96 0.97
Accuracy 0.971

Table 5 Convolutional neural network scores

Number Precision Recall score F1- score
Normal 0.94 0.96 0.95
Fault 1 0.88 0.88 0.88
Fault 2 0.93 0.85 0.89
Fault 3 0.87 0.92 0.89
Accuracy 0.91

Figure 8 and Figure 9 present the confusion matrices for both models, vividly
illustrating their actual label versus predicted class relationships. These visualizations
underscore the strength of our conventional transformer model in precise class
predictions.
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Figure 8 Convolutional transformer classification confusion matrices
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Figure 9 CNN classification confusion matrices
Table 6 Spark plug fault detection score comparison
Reference Data Method Testing Accuracy (%)
4000 rpm: 80
17 A tic, 3 cl ANN
(171 COUsHG, 5 class 3000 rpm: 73.3
[13] Acoustic, 2 class ANN 67.46
[13] Acoustic, 2 class LS-SVM 65.08
[13] Acoustic & Vibration, 2 class D-S Theory 98.56
Our work Acoustic, 4 class CNN 91
Our work Acoustic, 4 class CNN-Transformer 97.1

Table 6 reveals a distinctive facet of our research. Unlike previous studies that primarily
focused on binary classification for spark plug fault detection, we ventured into a more
challenging domain of 4-class classification, broadening the scope of this critical field.

Prior research, with its best performance achieved through the D-S Theory, was confined to
a binary classification framework using both vibration and acoustic data. However, our work
introduces a groundbreaking achievement: we attained an impressive accuracy of 97.1% in a
4-class classification scenario using only acoustic signals. This accomplishment showcases the
effectiveness of our approach in addressing the complexities of real-world spark plug fault
detection, pioneering new horizons in the realm of spark plug fault detection.
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5- Conclusions

In conclusion, this study underscores the importance of utilizing efficient methodologies
for feature extraction and fault detection in spark plugs within spark ignition engines,
thereby ensuring optimal engine efficiency and overall performance. Rapid and accurate
identification of spark plug faults is crucial to mitigate potential engine-related issues that
could have operational and financial consequences. This research presents a significant
breakthrough in spark plug fault detection using acoustic signals by leveraging a
Convolutional Transformer approach. By harnessing the combined strengths of
Convolutional Neural Networks and Transformers, this methodology effectively captures
both local and extended temporal dependencies within spark plug acoustic signals. The
remarkable results, as demonstrated in the accompanying Tables and Figures, highlight
the superiority of this proposed model, achieving an outstanding accuracy of 97.1% in a
challenging 4-class classification scenario using only acoustic signals. This achievement
represents a substantial advancement in spark plug fault detection, offering the potential
to streamline diagnostic methods while eliminating the need for multiple sensors.
Ultimately, it prevents costly engine breakdowns and extends the lifespan of internal
combustion engines. As the automotive industry continues to evolve, applying deep
learning techniques such as Convolutional Transformers holds immense promise in
enhancing the reliability and performance of internal combustion engines.
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