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Abstract
Misfire is a common fault in compression ignition engines, characterized by the absence or flame loss due to insufficient fuel in the cylinders. 
This fault is difficult to diagnose and resolve due to its multiple potential causes. This study focuses on identifying misfires in a 12-cylinder V-type 
marine diesel engine by analyzing vibration data collected from 15 accelerometers mounted on the engine block. Three machine learning 
algorithms—K-Nearest Neighbors (K-NNs), support vector machines (SVMs), and random forests (RFs)—were employed to classify engine 
conditions using 18 time-domain features. Results showed that the K-NN, SVM and RF algorithms achieved F1 scores of 99.87%, 100%, and 
99.87%, respectively, when using 18 time-domain features and all 15 accelerometers mounted on the engine block. Additionally, the study 
evaluated classification performance while reducing the number of accelerometers and features using two methods: Relief-F and general 
combinatory analysis (GCA). Although the GCA method yields better results when using only two accelerometers and nine features for misfire 
classification, its overall process required substantially more computational time compared to Relief-F. The best result obtained with Relief-F 
was achieved using 3 accelerometers and 18 features. Therefore, Relief-F proved to be more practical and take less overall computational time 
within the proposed framework.
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1  Introduction

Misfire is a common failure in compression ignition (CI) 
engines, occurring when insufficient fuel in the engine’s 
cylinders causes ignition failure or flame extinction. This 
issue can arise from a variety of causes, including a nota‐

bly poor fuel/air mixture within the combustion chamber, 
clogged injector nozzles, poor fuel quality, deteriorated seal‐
ing rings, intake/exhaust valve sealing failure, incorrect 
injection pressure, or low operating temperatures. Owing to 
its numerous potential causes, misfire is one of the most diffi‐
cult problems to diagnose and resolve (Merhige, 2016).

Concerning its severity, Tao et al. (2019) noted that mis‐
fire faults in single and double cylinders are the most com‐
monly observed forms. However, the occurrence of faults 
in more than two cylinders can lead to severe vibrations in 
the engine block.

In common rail engines, when a cylinder fails to ignite, 
the consequences may be propagated to other cylinders 
because the fuel distribution from the common rail may 
become deregulated. Therefore, one cylinder might receive 
an excessive amount of fuel.

For partially premixed combustion, Cui et al. (2022b) 
stated that misfire occurs when the equivalence ratio is low 
or when the thermodynamic conditions inside the cylinder 
cannot sustain flame development. Furthermore, they asserted 
that misfire in PCC results from the synergistic effects of 
local equivalent ratio and temperature.

Maurya et al. (2019) stated that misfires can lead to an 
increase in long-term gas emissions, which is a notable 
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concern today. According to Wang et al. (2023), the in‐
crease in soot emissions with rising intake pressure is due 
to a fuel/air equivalence ratio below 0.175 (indicating a 
lean mixture). Meanwhile, Zhang et al. (2023) stated that 
NOx emissions increase with higher intake temperatures, a 
consequence of an excessively poor fuel/air mixture.

In addition, misfires can cause power loss, leading to 
reduced ship performance and sudden decreases in engine 
speed, as well as fluctuations in speed and torque (Maurya 
et al., 2019) and unbalanced forces. Given these possible 
consequences, misfire detection is a critical aspect of 
onboard diagnostics, and the diagnostic system must be capa‐
ble of identifying the specific cylinder where the failure 
has occurred.

This study focuses on cases of complete single-cylinder 
misfires, limiting the possible causes to those involving a 
total absence of fuel in the cylinder chamber, such as fully 
clogged injector nozzles. Simulations were conducted by 
cutting off fuel injection to one cylinder at a time.

Regarding misfire detection methods, Zheng et al. (2019) 
proposed tracking crankshaft angular speed in a four-cylin‐
der spark-ignition engine using an optimized Luenberger 
sliding mode observer. Their results demonstrated that this 
method could effectively diagnose misfires under transient 
engine conditions.

Charles et al. (2009) used encoder signals to construct 
instantaneous angular speed waveforms representing tor‐
sional vibrations, aiming to predict misfires in the cylin‐
ders of medium-speed engines. However, this method 
requires devices capable of detecting minimal changes in 
angular speed during misfire and must account for random 
variations in acceleration during operation (Devasenapati 
et al., 2010).

Tamura et al. (2011) proposed using exhaust gas temper‐
ature analysis at a low sampling rate for misfire detection 
in internal combustion engines. This approach enabled an 
understanding of signal behavior, supporting decision-mak‐
ing for preventive maintenance. However, the study was lim‐
ited to engines operating under stationary conditions and 
did not account for drastic load changes. Additionally, 
Zhang et al. (2021) noted that this method is only applica‐
ble to a specific range of ignition-induced misfires.

Lujan et al. (2010) proposed using the derivative of the 
in-cylinder pressure signal for combustion detection in die‐
sel engines because any drastic pressure changes within 
the cylinder chamber would be amplified by the derivate 
of the corresponding signals. The results were compared 
with classic thermodynamic analysis and validated through 
experiments on diesel engines. However, the authors high‐
lighted the need for further studies considering transient 
operating conditions and cyclic variations.

Firmino et al. (2021) used vibration and acoustic analy‐
sis for misfire detection in a four-stroke spark-ignition 
engine. After comparing the two methods, they concluded 

that vibration analysis offers greater accuracy than acous‐
tic analysis.

Jafarian et al. (2018) used four sensors to monitor vibra‐
tion signals in an automobile engine to investigate differ‐
ent levels of misfire severity and excessive valve clearances. 
The proposed method achieved a fault diagnosis accuracy 
of over 94%, demonstrating its effectiveness in accurately 
detecting misfires and its wide applicability.

This technique was adopted in the current study due to 
the proven effectiveness of vibration signal monitoring, 
along with its ease of installation and nonintrusive nature.

Machine learning (ML) techniques are increasingly being 
applied to a wide range of predictive tasks. For example, 
Cui et al. (2022a) developed a method based on a backpropa‐
gation neural network (BPNN) model aimed at predicting 
the parameters of multicomponent fuel surrogates using 
datasets derived from simpler surrogates. The results showed 
that BPNNs with two hidden layers outperformed those 
with a single hidden layer, enabling more accurate parame‐
ter estimation for real fuels.

In the literature, several techniques have been proposed 
for diagnosing failures in diesel engines. Among them, 
ML algorithms hold considerable importance because they 
can learn the specific characteristics of different fault types, 
thereby reducing diagnostic errors.

Devasenapati et al. (2010) employed decision trees using 
the C4.5 algorithm for misfire detection in a four-stroke, 
four-cylinder petrol engine. Their approach involved time-
domain vibration signal analysis, extraction of eight fea‐
tures, and feature selection based on gain ratio. The meth‐
od achieved a classification accuracy of 95%. However, 
decision trees are known to exhibit high variance in predic‐
tions (Fratello and Tagliaferri 2018), a limitation that can 
be mitigated through ensemble methods such as the ran‐
dom forest (RF). In a related study, Sharma et al. (2014) 
applied five types of tree-based algorithms, including RF, 
for misfire detection in a CI engine using time-domain vibra‐
tion signal analysis. They extracted eight features and per‐
formed feature selection using information ratio and entropy 
reduction. Their approach achieved 100% classification 
accuracy in distinguishing normal operation and misfire 
conditions.

Zhang et al. (2018) proposed a support vector machine 
(SVM)-based system for misfire diagnosis in a 16-cylinder 
V-type marine diesel engine. Features were extracted in 
the frequency domain using a polar representation method, 
where quantitative radii were used to indicate the position 
and severity of the fault. The system achieved high accuracy 
in identifying normal operating conditions and various levels 
of misfire.

Jafarian et al. (2018) explored the use of artificial neural 
networks (ANNs), SVMs, and k-nearest neighbors (K-NNs) 
for detecting misfires and valve clearance faults in internal 
combustion engines based on multisensor vibration signal 
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monitoring. Fast Fourier transform was applied to convert 
time-domain signals into the frequency domain. All three 
classification methods achieved accuracy levels above 95%.

Vakharia et al. (2017) decomposed vibration signals using 
wavelet transform before feature extraction, which was per‐
formed in the time and frequency domains. They employed 
information gain and Relief-F for feature selection and used 
SVM and RF to identify bearing faults. Their approach 
achieved a cross-validation efficiency of 98.38% when 
using Relief-F in combination with RF.

This study aims to identify single-cylinder misfires in a 
12-cylinder V-type marine diesel engine using vibration 
data collected from 15 accelerometers mounted on the 
engine block. Three ML techniques, K-NN, SVM, and RF, 
were used for misfire classification. In addition, this study 
introduces a new contribution by addressing the potential 
for reducing the number of accelerometers used in data 
acquisition, an aspect not considered in previous studies. 
To examine fault diagnosis performance under reduced 
sensor configurations, the Relief-F method was applied for 
data dimensionality reduction. This approach investigates 
whether fewer sensors can be used for signal acquisition 
without compromising diagnostic accuracy. The perfor‐
mance of the Relief-F method is then compared with that 
of a general combinatory analysis (GCA) method to assess 
its effectiveness in identifying the optimal number of sen‐
sors and its overall feasibility for sensor reduction in fault 
diagnosis applications.

This work is organized into six sections. Section 2 pro‐
vides an overview of the ML methods used in this study. 
Section 3 details the methodology implemented to prepare 
the data for ML classification. Section 4 describes the data 
collection process and feature extraction procedures. Sec‐
tion 5 presents the results, along with a discussion of the 
findings. Finally, Section 6 offers concluding remarks and 
suggestions for future work.

2  Theoretical background

ML techniques play a crucial role in fault detection. 
However, some techniques are more suitable for specific 
scenarios than others, regardless of their complexity. There‐
fore, understanding the theoretical background of the meth‐
ods used is essential to assess their potential applicability 
to the current study.

2.1  Classification algorithms

The methods used for misfire detection and identifica‐
tion are described in this section.

2.1.1 K-Nearest Neighbors (K-NNs)
K-NN is an instance-based learning method developed 

to allow the analysis of characteristics in cases where estab‐

lishing parametric approximations of probability densities 
is difficult (Taunk et al., 2019). This method is one of the 
simplest and most effective approaches for pattern classifi‐
cation (Tamura et al., 2011). K-NN can be applied as a 
classifier and regression method.

K-NN uses a distance metric to identify the K samples 
nearest to a given unlabeled sample (Lei et al., 2020). The 
majority label among these K samples is then assigned to 
the unlabeled sample as its predicted result (Lei et al., 
2020; Abu Alfeilat et al., 2019), as depicted in Figure 1. 
The distance and similarity between the test and training 
samples play an important role in the K-NN algorithm, 
because its classification performance heavily depends on 
the two mentioned parameters (Abu Alfeilat et al., 2019).

The choice of K-neighbors determines the nature of the 
approximation used to classify the unlabeled sample. For 
smaller neighborhoods, the prediction is localized, and K-NN 
is prone to overfitting. However, for larger K, the algorithm 
tends to generalize more, potentially overlooking smaller 
agglomeration patterns (Kramer, 2013).

The metric used in this study is the Euclidean distance, 
which is defined in Eq. (1) as follows:

ED (a, z ) = ∑
i = 1

n

|| ai − zi

2
(1)

where a and z are the coordinates of two different points in 
the i-th dimension of Euclidean space, and n is a positive 
number representing the total magnitude of Euclidean 
space.

2.1.2 SVM
SVM is a supervised learning model used for classifica‐

tion and regression tasks. The main concept behind SVMs 
lies in the use of boundaries that separate two or more 
classes. For example, in two dimensions, a straight line is 
used to divide the classes, while in three-dimensional space, 

Figure 1　 k-nearest neighbors (K-NNs) scheme for output data 
classification (modified from Lei et al., 2020)
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a plane divides the zones. This approach can be mathemati‐
cally extended to higher dimensions (Noble, 2006). These 
boundaries are called hyperplanes. The best hyperplane is 
the one that separates the classes with the maximal dis‐
tance, known as the Maximal Margin Classifier or Hard 
Margin SVM (Mammone et al., 2009), and it is defined by 
Eq. (2) below (Boser et al., 1992):

D ( x) = w ⋅⋅ xi + b, i =  1, …, m (2)

where w is the normal vector to the hyperplane, x is the input 
vector of the sample i, b is the bias, and m is the total num‐
ber of samples. Changing b results in a parallel shift of the 
hyperplane.

In this algorithm, classes are separated into zones whose 
boundaries are defined by the nearest samples to the Maxi‐
mal Margin Classifier. These points are called support vec‐
tors, and they determine the boundary hyperplanes. The 
distance between these hyperplanes is given by Eq. (3):

Dm =
2

 w
(3)

To maximize Dm, i.e., the distance between these bound‐
aries,  w  should be minimized. The SVM classification 
scheme for two classes is depicted in Figure 2.

However, in practice, experimental data often contains 
noise, which prevents a perfect linear separation between 
classes. Therefore, the maximal margin hypothesis cannot 
be applied directly (Mammone et al., 2009). Aiming to 
address this issue, the algorithm developed by Cortes and 
Vapnik (1995) introduced the concept of relaxing the bound‐
ary conditions in Eq. (2) when necessary, thereby allowing 
some misclassification of training samples (Mammone et al., 
2009). Therefore, the boundary hyperplanes can be defined 
by Eq. (4):

yi(w ⋅⋅ xi + b) ≥ 1 − ξi, ξi ≥ 0 (4)

where ξi is a positive slack variable that measures how far 
a sample lies from the boundary of its original class.

The optimal separating hyperplane is obtained by mini‐
mizing Eq. (5):

min
é

ë
êêêê

1
2
 w

2
+ C∑

i = 1

n

ξi

ù

û
úúúú (5)

where C is the regularization term that controls the bal‐
ance between maximizing the margin and minimizing the 
training error (Ukil, 2007).

For data that cannot be linearly separated, the “Kernel 
trick” is adopted (Noble, 2006). This technique involves map‐
ping the data into a higher-dimensional feature space where it 
becomes linearly separable (Figure 3). Common kernel func‐
tions include linear, polynomial and Gaussian kernels.

2.1.3 RF
RF is a tree-based ensemble learning algorithm used for 

regression and classification tasks (Cutler et al., 2012; Bre‐
iman, 2001). Each tree casts a vote to classify a given fea‐
ture vector (Figure 4). The bagging method (Breiman, 
1996) then creates a committee of trees by generating sub‐
sets of observations through sampling with replacement 
from the training set. This method enables the creation of 
independent models by choosing different attributes to split 
nodes in each tree. The ensemble approach of RF reduces the 
bias that typically arises from using a single decision tree.

2.1.4 Comparison of ML methods
Table 1 presents a comparison of the methods used in 

this study, highlighting their respective advantages and dis‐
advantages.

Although K-NN is a time-consuming method, it was cho‐
sen for an initial approach due to its user-friendly implemen‐
tation and minimal hyperparameter tuning requirements. 
SVM was selected for its capability to handle nonlinear 
systems, its effectiveness in high-dimensional spaces, and 

Figure 2　 Support vector machine (SVM) classification scheme 
considering two classes (based on Cortes & Vapnik, 1995)

Figure 3　Kernel trick representation in two dimensions (modified 
from Noble, 2006)
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its low overfitting tendency. RF was employed for its capa‐
bility to manage nonlinear parameters while also reducing 
overfitting and variance. All three classifiers share the 
advantage of being robust to noise.

2.2  Feature selection method

Dimensionality reduction is applied due to several rea‐
sons, such as the decreasing amount of information to be 
stored for improved computational efficiency (Jović et al., 
2015), eliminating irrelevant and redundant features (Zhou 
et al., 2021), and increasing the speed of algorithm train‐
ing and prediction (Phyu and Oo, 2016).

The filter-based method Relief-F is an extension of the 
original Relief algorithm (Kononenko, 1994). In the origi‐
nal version, a sample is randomly chosen from the dataset, 
and its nearest neighbors from the same and different classes 

are identified. The algorithm then compares the attribute 
values of the sampled instance with those of its nearest 
neighbors, assigning importance weights. Attributes with 
higher scores are considered more effective in distinguish‐
ing between instances from different classes.

The advantage of Relief-F over the original version lies 
in its capability to handle multiclass problems, greater robust‐
ness, and its capacity to manage noisy and incomplete data 
(Robnik-Šikonja and Kononenko, 2003). Additionally, this 
technique has a low bias, supports interactions among fea‐
tures, and can detect local dependencies that other meth‐
ods may fail to identify (Bolón-Canedo et al., 2013).

3  Proposed methodology

This section presents the proposed methodology designed 
to address the three main objectives of this study:

- Detect and identify misfires in a 12V4000 marine die‐
sel engine;

- Evaluate the possibility of reducing the number of accel‐
erometers while maintaining strong prediction performance;

- Assess the effectiveness of dimensionality reduction 
techniques in preserving high prediction accuracy.

The methodology roadmap is illustrated in Figure 5. 
First, an engine test rig was used to collect vibration sig‐
nals. The acquired data was then preprocessed and orga‐
nized into different sets. Afterward, the dataset was divided 
into training and testing datasets. Time-domain features 
were extracted, and dimensionality reduction was evalu‐
ated using feature selection techniques. Outliers were 

Table 1　Comparison of the ML methods used

Method

K-NN

SVM

RF

Advantages

Robust to noise (Boateng et al., 2020);
Easy to implement (Boateng et al., 2020);
Few hyperparameters to optimize (Boateng et al., 2020);

Effective in high-dimensional spaces (Boisberranger et al., 2023);
Effective when the number of features is greater than the number 
of samples (Boisberranger et al., 2023);
Versatile when different kernel functions are adopted 
(Boisberranger et al., 2023);
Capable of solving nonlinear and unknown systems (Ukil, 2007);
Robust to noise and no overfitting (Ukil, 2007).

Not sensible to attribute value scaling (Nazarenko et al., 2019);
Discrete and continuous signals are effectively processed 
(Nazarenko et al., 2019);
Methods for tree construction may be used in datasets with 
missing value attributes (Nazarenko et al., 2019);
Methods for feature individual relevance assessment inside a 
model (Nazarenko et al., 2019);
Data-processing capability with a high quantity of features and 
classes (Nazarenko et al., 2019);
Robust to noise (Nazarenko et al., 2019).

Disadvantages

Might function slowly in the presence of an excessive number of 
samples in the dataset (Boateng et al., 2020);
Absence of generalization of the training dataset (Taunk et al., 2019).

Once SVM is a binary classification, it might not be optimum for 
multiclass classifications. For these cases, pair-wise classifications 
may be used (Ukil, 2007);
In cases where the number of features is notably greater than the 
number of samples, choosing kernel functions and regularization 
terms is crucial (Boisberranger et al., 2023).

Substantial size of resulting models (Nazarenko et al., 2019);
Classification time increases for larger input datasets (Boateng 
et al., 2020).

Figure 4　 General structure of a random forest (RF) algorithm 
(Verikas et al., 2011)
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subsequently removed, and the data was normalized through 
feature scaling (except in the case of RF, as described in 
Table 1).

After the preprocessing step, the data was prepared for pro‐
cessing by ML algorithms. A portion of the training dataset 
was separated into k-folds to evaluate the performance of the 
ML algorithms. Once a model demonstrated satisfactory per‐
formance during cross-validation, it was applied to the test 
dataset for misfire detection and identification.

4  Engine test rig

The experimental procedure was conducted on a 12V4000 
diesel marine engine (MTU Detroit Diesel, 2016), with its 
specifications presented in Table 2.

The following boundary conditions were considered for 
the experimental procedure:

- Single-cylinder misfires;
- Misfires induced by cutting off fuel injection, resulting 

in no combustion within the cylinder chamber. This condi‐
tion reduces the number of possible misfire causes (i.e., com‐
pletely clogged injectors).

In the engine test rig, 15 piezoelectric accelerometers 
were used to record vibration data on the engine block 
(Figure 6). One accelerometer was mounted on each of the 
12-cylinder V-type heads, while the remaining three were 
positioned on the engine foundation, as shown in the sche‐
matic representation in Figure 7.

The signals were recorded under 13 different operational 
conditions: one representing normal operation and one for 
an induced single-cylinder misfire in each of the 12 cylin‐
ders. This distinction is crucial for accurate misfire detec‐

Figure 6　 Installation of accelerometers in an MTU 12V4000 
engine block

Table 2　Specifications of the marine diesel engine

Manufacturer/Series

Type

Number of Cylinders/Stroke

Fuel

Rated power (kW)

Rated speed (RPM)

Max. Torque (N⋅m)

Engine stroke length (mm)

Engine bore diameter (mm)

MTU/12V4000

T1237k11

12 V-type cylinders/4-stroke

Diesel

1 193 

1 900 

7 595 

190 

165 

Figure 5　 Roadmap of the proposed methodology for misfire 
detection and identification
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tion and identification. The obtained signals were passed 
through an analogical-to-digital converter and stored as 
a dataset. The sampling rate was 10 240 Hz.

4.1  Data acquisition and processing

A “bandpass” filter was applied for noise removal. Accord‐
ing to the International Standard ISO 10816-6: 1995, the 
main excitation frequencies in reciprocating machines 
typically range from 2 to 1 000 Hz. Additionally, a detrend 
function was applied to all datasets to eliminate linear trends 
in the measurements.

Measurements were conducted at constant engine speed 
while varying torque levels. Torque variation was achieved 
by injecting different amounts of fuel. The resulting data 
were grouped into different operational scenarios, as sum‐
marized in Table 3.

The dataset was split into two parts before feature extrac‐
tion: 80% of the data were allocated for training the ML 
algorithms, and the remaining 20% were reserved for test‐

ing (Gholamy et al., 2018). As previously mentioned, mea‐
surements were collected for one normal condition and 12 
misfire conditions across three different operational scenar‐
ios, resulting in a dataset with 13 classes and three obser‐
vations per class. However, this setting yields a relatively 
small number of observations, which may lead to a high-
dimensional dataset after feature extraction. This scenario, 
where the number of features notably exceeds the number 
of observations, can introduce some issues, such as high 
variance and overfitting (Hastie et al., 2009).

To address this issue, a data augmentation method will 
be adopted (Martins et al., 2023). Given the large volume 
of measurement samples, the dataset contains sufficient infor‐
mation to allow multiple subdivisions without losing impor‐
tant data. Therefore, the training and testing datasets will 
be partitioned (Hassanat et al., 2022). For the training data‐
set, an optimal partitioning strategy will be explored to 
achieve the best prediction performance. The number of 
partitions considered in this study is presented in Table 4. 
For the test dataset, it was divided into 20 parts to ensure 
that its size remains less than 30% of the training dataset.

Data was collected for 13 classes across three different 
operational scenarios. Thus, considering that feature extrac‐
tion will be applied to each partition, the number of obser‐
vations in the resulting feature dataset can be represented 
by Eq. (6):

fv = nc ⋅ ns ⋅ np (6)

where fv is the number of observations, nc is the number of 
classes, ns is the number of scenarios, and np is the number 
of partitions.

4.2  Feature extraction

Features were extracted from the collected data using 
the time-domain analysis. Eighteen (18) statistical features 
in the time domain were initially selected for feature extrac‐
tion analysis. The features are described in Table 5, where 
xi represents the vibration signal in the time domain, N is 
the vibration signal length, and p(ci ) denotes the probability 
that xi corresponds to a given value in the sequence ci

(Martins et al., 2023).

Table 3　Operation scenarios for data measurement

Scenario

N°1

N°2

N°3

Speed (RPM)

1 500

1 500

1 500

Torque (N⋅m)

850

2 040

3 272

Power (kW)

127.5

306

409

Table 4　Signal Partition

Training dataset

Partitions

80

90

100

110

120

Observations

3 120

3 510

3 900

4 290

4 680

Test dataset

Partitions

20

Observations

780

Figure 7　12V4000 IC Engine with the indicative positions of the 
15 accelerometers
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In this study, 18 time-domain features were extracted 
from each of the 15 accelerometers, resulting in an initial 
total of 270 attributes.

Outliers were identified using the interquartile range 
method. Subsequently, they were replaced using the Win‐
sorization method (Blaine, 2018), which substitutes extreme 
values (those beyond the upper and lower limits) with the 
respective boundary values. In other words, extremely low 

values were replaced by the lower limit, and extremely 
high values were replaced by the upper limit.

For feature scaling, the Min–Max technique was used 
because it is a feature normalization method recommended 
for datasets without outliers (De Amorim et al., 2023). This 
technique was applied after the removal of outliers from 
the dataset. This technique scales the values of a feature to 
a range between a minimum value of zero and a maximum 
value of 1, with all other values proportionally adjusted 
within this range. The equation for the Min–Max scaling 
method is defined in Eq. (7):

xfs = ( )xo − xmin

( )xmax −  xmin

(7)

where xfs is the scaled value of the feature, xo is the origi‐
nal value of the feature, xmin is the minimum value of the 
feature, and xmax is the maximum value of the feature.

Min–Max scaling was applied to only K-NN and SVM 
algorithms because they are sensible to feature scaling. How‐
ever, this technique was not applied to RF due to its inherent 
robustness to unscaled data (Singh and Singh, 2022).

5  Results and discussion

5.1  Hyperparameter tuning

For misfire detection and identification, K-NN, SVM, 
and RF were used to classify the 13 classes (normal opera‐
tion and misfires in each one of the 12 cylinders) based on 
vibration signals. The performance was evaluated across 
five different training dataset partitions, as illustrated in 
Table 4.

The hyperparameters used for each one of the three clas‐
sification methods are described in Table 6. For cross-val‐
idation, a fivefold technique (k = 5) was employed. That 
is, from the 80% of data allocated for training, 20% was 
reserved for validation in each of the five iterations.

Table 6　Hyperparameters considered for each classification method 
employed in this study

Method

K-NN

SVM

Random 
forest

Hyperparameters

Number of neighbors:
Distance method:

Hyperparameters tuning:

Regularization therm C:

Kernel function

Kernel polynomial order

Number of trees:
Number of leaves:

Hyperparameter tuning:

1–10
Euclidean

Grid search

From 2−5 to 215, in 
powers of 4 steps

Gaussian

3

1–30
5

Grid search

Table 5　Extracted features (based on Martins et al., 2023)

Feature

1. Mean

2. Variance

3. RMS

4. Standard 
deviation

5. Kurtosis

6. Standard error

7. Minimum value

8. Peak

9. Peak to peak

10. Skewness

11. Median

12. Sum

13. Entropy

14. Energy

15. Crest factor

16. Clearance factor

17. Shape factor

18. Impulse factor

Definition

MEAN =
1
N∑i = 1

N

xi

VAR =
1
N∑i = 1

N

( xi − MEAN) 2

RMS =
1
N

é

ë
ê
êê
ê ù

û
ú
úú
ú∑

i = 1

N

( )xi

2

STD = VAR

KUR =
1
N∑i = 1

N ( ( )xi − MEAN

STD ) 4

− 3

STDER =
STD

N

MIN = min ( xi )

PEAK = max ( )abs ( )xi

P2P = max ( xi ) − min ( xi )

SK =
1
N∑i = 1

N ( ( )xi − MEAN

STD ) 3

MEDIAN = median ( xi )

SUM =∑
i = 1

N

xi

ENTROPY =  −∑
i = 1

N

p ( )ci lbp ( )ci

ENERGY =∑
i = 1

N

| xi |
2

CR =
max
RMS

CL =
max

1
N∑i = 1

N

( )xi
2

SF =
RMS

1
N∑i = 1

N

|| xi

IF =
max

1
N∑i = 1

N

|| xi
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Regarding the evaluation parameter for assessing classi‐
fication performance, the F1 score was chosen because it 
balances precision and sensibility metrics, which are criti‐
cal for this analysis.

Regarding the minimum F1 score required, Chen et al. 
(2018) stated that a classification performance should be at 
least 90% of F1-Score to be considered satisfactory. How‐
ever, aiming for higher standards, this work sets the mini‐
mum acceptable F1 score at 95%.

Table 7 shows the F1 score of each of the three ML algo‐
rithms, as well as the prediction time per sample (to mea‐
sure the response time of the algorithm). According to the 
table, K-NN, SVM, and RF achieved F1 scores of 99.87%, 
100%, and 99.87%, respectively, using a dataset configura‐
tion with 80 partitions and 18 features. These results dem‐
onstrate that the employed methods have excellent capabil‐
ity to detect and identify misfires.

For SVM, the F1 score was observed to be 100% across 
all analyzed partitions. Considering these outstanding results, 
the risk of overfitting was notably mitigated using data 
augmentation and cross-validation of the training dataset. 
Furthermore, previous work by Zhang et al. (2018) achieved 
100% classification accuracy for normal operation and 
misfire detection.

The use of 18 features per sensor, resulting in 270 attri‐
butes in total, creates an extensive dataset that leads to high 
computational cost. To alleviate this issue, dimensionality 
reduction was applied, enabling the use of fewer features 
without compromising prediction accuracy and supporting 
the decision to eliminate less essential sensors.

5.2  Evaluation of accelerometer removal

The main idea behind evaluating sensor removal is 
feature ranking (Urbanowicz et al., 2018). Feature selec‐
tion techniques assign scores to each attribute to mea‐
sure their relevance. Therefore, Relief-F was used to 
rank the 18 time-domain features across all five training 
dataset partitions. As shown in Figure 8, each of the five 
configurations produced a different feature ranking, indi‐
cating that feature importance may change depending on 
the dataset size.

5.3  Evaluation of feature removal

The influence of the number of features on prediction 
performance was also investigated. In other words, wheth‐
er using fewer features (and consequently requiring less 
computational effort) would maintain the capability of ML 
algorithms to make accurate predictions was verified.

Therefore, simulations were performed using fewer fea‐
tures. Aiming to avoid an exhaustive “step-by-step” search, 
experiments were conducted with three different feature 
quantities for performance assessment: 18, 9, and 5 fea‐
tures. The selection criterion was based on the highest-
ranked features. This process was repeated for all five 
training dataset partitions, resulting in 15 configurations.

Then, the accelerometers were ranked in accordance with 
their importance for classification based on the feature 
rankings. Each feature is associated with a specific acceler‐
ometer; thus, the scores of all features belonging to each 
sensor were summed. The accelerometers were then sorted 
in descending order, with the most relevant sensor receiv‐
ing the highest score. Figure 9 shows the ranking of accel‐
erometers by Relief-F weights for each of the five dataset 
partitions, considering 5, 9, and 18 features.

To determine the optimal number of sensors, simula‐
tions were conducted using the smallest dataset configura‐
tion (80 partitions and 5 features). Table 8 shows the F1 
score obtained for each classifier as the least important 
sensors, considering the Relief-F importance criteria, were 
progressively eliminated. Figure 10 depicts the classifica‐
tion performance trend as sensors are eliminated. As shown 
in Table 8 and Figure 10, the minimum required F1 score 
is still achieved after removing 11 accelerometers. In other 
words, the minimum effective number of sensors required 
is four.

However, this outcome cannot be considered definitive 
because simulations must be extended to the remaining 14 
dataset configurations to explore the possibility of further 
reducing the number of sensors. Performing the same exhaus‐
tive simulations for each dataset would be highly time-con‐
suming. To avoid this phenomenon, the classification per‐
formance analysis began with the last four remaining sen‐
sors, with results shown in Table 9. Subsequently, perfor‐

Table 7　F1 score for a dataset with 18 features

N° of Partitions

80

90

100

110

120

K-NN

F1 Score (%)

99.87%

99.74%

99.87%

99.74%

100%

Time (s)

0.002 691 5

0.003 246 1

0.003 145 7

0.003 532 3

0.004 325 8

SVM

F1 Score (%)

100%

100%

100%

100%

100%

Time (s)

0.000 806

0.000 765

0.000 735

0.001 179

0.000 780

RF

F1 Score (%)

99.87%

88.58%

38.1%

NaN

NaN

Time (s)

0.000 388

7.36 × 10−5

0.000 106

‒

‒
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Figure 8　Ranked features using Relief-F
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Figure 9　Ranked accelerometers using Relief-F
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mance was assessed after eliminating 12 sensors, as shown 
in Table 10. An additional attempt was made using only 
two sensors, but no combination achieved the minimum 
required F1 score. Therefore, the minimum number of accel‐
erometers that can be used is three.

Table 11 shows the three selected accelerometers for each 
simulation (considering Relief-F ranking in Figure 8), along 
with the respective classifier and prediction time for a sin‐
gle observation. The criterion used to determine the best 
sensor combination was the shortest prediction time. This 
condition was achieved using sensors n°4, n°6, and n°15 
with a dataset configuration of 80 partitions and 18 fea‐
tures. A radar plot detailing the classification performance 
obtained using this optimal sensor combination is depicted 
in Figure 11.

Subsequently, the prediction capability of the classifier 
was analyzed using only a single sensor. This process was 
repeated for each accelerometer across all 15 dataset con‐
figurations. SVM outperformed K-NN and RF in misfire 
detection and identification; thus, it was adopted as the 
classification method for this phase of the study. The results 
are depicted in Figure 12. In some cases, an F1 score above 
80% was observed using only one sensor.

Next, the possibility of combining two sensors to obtain 
an F1 score above 95% was evaluated. Two selection crite‐
ria were applied to determine the best pair of accelerome‐
ters. The first criterion was based on the two highest-ranked 
sensors according to Relief-F weights for each dataset con‐
figuration. The second criterion involved selecting the sen‐
sor pair that achieved the best F1 score using the GCA 
method within the same dataset configuration. For both 
cases, classification performance was assessed, with results 
presented in Tables 12–14, including F1 score and predic‐
tion time per sample for each analysis.

According to the results presented in the tables, the GCA 
criterion outperformed Relief-F in almost all cases, not only 
in terms of classification performance but also in terms of 
prediction time. Furthermore, the sensor pairs selected using 
the Relief-F ranking method only achieved a minimum F1 
score of 95%. In contrast, the GCA method achieved the 
target performance in six cases: one corresponding to the 
dataset with 9 features and 90 partitions, and the remaining 

Figure 10　F1 score for a dataset with 80 Partitions and 5 Statistical 
features

Table 9　F1 score for 11 sensors eliminated

N° of Partitions

80

90

100

110

120

F1 Score (%)

5 Features

K-NN

95.94

95.95

85.48

87.29

93.77

SVM

97.61

96.05

93.02

89.08

91.41

RF

96.91

NaN

NaN

NaN

96.15

9 Features

K-NN

88.29

97.05

81.51

80.02

73.18

SVM

94.75

98.45

93.64

85.62

85.38

RF

94.97

47.16

NaN

NaN

NaN

18 Features

K-NN

95.01

96.40

97.95

95.89

97.69

SVM

99.84

99.10

99.10

98.58

98.98

RF

98.46

68.71

30.05

NaN

NaN

Table 8　F1 score for a dataset with 80 partitions and 5 features

N° of Eliminated 
sensors

0

1

2

3

4

5

6

7

8

9

10

11

12

13

14

F1 Score (%)

K-NN

99.36

99.49

99.23

97.47

96.96

97.84

97.60

97.72

96.71

97.72

96.71

95.94

89.52

82.20

47.33

SVM

100

99.87

99.87

99.74

99.74

99.49

99.62

99.49

98.98

98.73

98.85

97.61

92.46

83.82

48.33

RF

99.87

100

99.74

99.36

99.36

99.36

98.97

99.23

98.72

98.46

98.46

96.91

92.30

88.93

62.76
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five across all dataset configurations with 18 features. These 
findings highlight the possibility of using only two sensors 
while still maintaining satisfactory prediction performance.

Finally, the study assessed which sensor pair should be 
recommended for implementation in this method. In the 
current analysis, three different pairs of accelerometers 
reached an F1 score above 95%: sensors n°2 with n°9, n°4 

with n°13, and n°9 with n°13. Among these, the selection 
criterion was the shortest prediction time. Therefore, the 
best-performing pair was sensors 2 and 9, using a dataset 
with 90 partitions and 9 features. A radar plot detailing the 
classification performance with this selected sensor combi‐
nation is depicted in Figure 13.

Although the GCA method yielded better results, its 
overall procedure required substantially more computation‐
al time compared to the Relief-F process to determine the 
optimal number of sensors. Considering that the sensor 
elimination procedure based on the Relief-F criteria is faster 
and was able to eliminate up to 12 accelerometers while 
maintaining acceptable classification performance, the 
Relief-F method is more suitable for sensor quantity opti‐
mization than the GCA method.

Although Xi et al. (2018) stated that determining the 
best sensor position is impossible due to the complexity of 
engine structures and the unknown location of engine 
faults, this study was able to identify sensor positions that 
yielded good prediction performance.

The results showed that other sensor combinations also 
achieved the required F1 score of 95%, indicating that var‐
ious sensor placements can lead to satisfactory classifica‐
tion results. Therefore, the optimal sensor positions depend 
on multiple factors, including the type of failure, the sen‐
sor type, and the method employed for misfire detection 
and identification (i. e., data structuring, feature selection, 
and classification method).

Table 11　Selection of sensors using the Relief-F method, considering dataset configurations

N° of Partitions

80

90

100

110

120

N° of Features

18

18

18

18

18

Selected Sensors

n°15, n°6 e n°4

n°6, n°13 e n°14

n°8, n°13 e n°10

n°4, n°5 e n°9

n°7, n°9 e n°6

F1 Score (%)

96.36

97.36

98.07

97.20

96.78

Classifier

RF

SVM

SVM

SVM

SVM

Time (s)

4.126 92 × 10−5

8.393 59 × 10−5

9.105 38 × 10−5

9.430 26 × 10−5

0.000 108 241

Figure 11　 Radar Plot for Relief-F classification when using 
sensors n°4, n°6, and n°15 in a dataset configuration of 80 partitions 
and 18 features

Table 10　F1 score for 12 sensors eliminated

N° of Partitions

80

90

100

110

120

F1 Score (%)

5 Features

K-NN

89.52

88.40

81.74

76.90

86.11

SVM

92.46

91.74

90.76

78.12

85.24

RF

92.30

NaN

NaN

NaN

92.34

9 Features

K-NN

82.52

91.28

74.28

73.72

74.34

SVM

90.46

92.95

84.67

80.29

81.12

RF

90.01

46.98

NaN

NaN

NaN

18 Features

K-NN

91.63

93.39

94.98

93.32

95.31

SVM

93.95

97.36

98.07

97.20

96.78

RF

95.04

57.81

NaN

NaN

NaN
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Figure 12　Individual performance of accelerometers
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6  Conclusions and recommendations

The results showed outstanding performance from all 
three analyzed ML models in detecting and identifying 
misfires, with K-NN, SVM, and RF achieving F1 scores of 
99.87%, 100% and 99.87%, respectively, for a dataset 
comprising 18 features with 80 partitions. However, the 
large dataset size resulted in high computational costs.

Aiming to mitigate this issue, Relief-F was applied for 
dimensionality reduction, generating dataset configura‐
tions with nine and five features. Subsequently, accelerom‐
eters were ranked by importance based on Relief-F weights, 
and this process was repeated for each of the 15 dataset 
configurations.

The verification of the minimum number of sensors 
required to achieve the desired prediction performance 
was conducted using the following two methods: the first 

Table 13　Prediction performance for two sensors using SVM in a dataset with nine features

SVM for Nine features

N° Partitions

80

90

100

110

120

Relief-F

Sensors

n°2; n°3

n°7; n°6

n°14; n°4

n°5; n°3

n°15; n°6

F1 Score (%)

85.07

86.25

80.45

69.37

68.47

Time (s)

6.664 × 10−5

9.343 × 10−5

9.331 × 10−5

8.088 × 10−5

0.000 108 5

GCA

Sensors

n°9; n°2

n°9; n°2

n°9; n°2

n°4; n°9

n°13; n°2

F1 Score (%)

94.65

96.36

89.92

89.03

89.55

Time (s)

6.279 36 × 10−5

5.965 51 × 10−5

0.000 0828

6.772 82 × 10−5

0.000 107 968

Table 12　Prediction performance for two sensors using SVM in a dataset with five features

SVM for Five Features

N° Partitions

80

90

100

110

120

Relief-F

Sensors

n°8; n°9

n°8; n°7

n°12; n°10

n°4; n°5

n°3; n°8

F1 Score (%)

87.95

77.45

73.59

66.58

70.46

Time (s)

6.201 × 10−5

0.000 692 7

9.431 × 10−5

0.000 143 2

0.000 113 2

GCA

Sensors

n°9; n°2

n°2; n°4

n°9; n°4

n°4; n°2

n°3; n°14

F1 Score (%)

91.51

90.62

90.80

75.72

80.98

Time (s)

8.088 46 × 10−5

5.813 59 × 10−5

6.642 82 × 10−5

0.000 117 333

0.000 275 264

Table 14　Prediction performance for two sensors using SVM in a dataset with 18 features

SVM For 18 features

N° Partitions

80

90

100

110

120

Relief-F

Sensors

n°8; n°6

n°6; n°12

n°8; n°13

n°4; n°5

n°7; n°9

F1 Score (%)

89.20

86.03

94.46

92.70

94

Time (s)

8.986 × 10−5

9.956 × 10−5

9.234 × 10−5

0.000 105 4

0.000 105 2

GCA

Sensors

n°9; n°13

n°13; n°4

n°13; n°9

n°4; n°13

n°13; n°4

F1 Score (%)

96.93

96.68

96.92

96.67

95.64

Time (s)

8.129 36 × 10−5

8.258 33 × 10−5

8.892 31 × 10−5

9.085 38 × 10−5

0.000 174 871

Figure 13　Radar Plot for GCA classification when using sensors n°2 
and n°9 in a dataset configuration of 90 partitions and 9 features
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relied on selecting the top-ranked accelerometers accord‐
ing to Relief-F weights, and the second employing the 
GCA method, which involves combining sensors until the 
required performance is reached.

Results show that the sensors selected by GCA not only 
allowed the use of only two accelerometers while main‐
taining good prediction performance but also outperformed 
the pairs of accelerometers selected by Relief-F.

However, although the GCA method showed better results 
using only two accelerometers and nine features, its over‐
all procedure requires substantially more computational time 
compared to Relief-F to reach the optimal number of sen‐
sors. Considering the excellent results obtained by Relief-F 
with three accelerometers and 18 features, Relief-F is 
more suitable for accelerometer selection than the GCA 
method.

Regarding the optimal sensor placement on the engine 
block, the results of this study indicate that multiple com‐
binations of sensor pairs can achieve good prediction per‐
formance. In other words, the positions of the accelerome‐
ters on the engine may vary depending on the methods 
used for misfire detection and identification (i.e., data struc‐
turing, feature selection, and classification method).

For future work, one suggestion is to analyze the dataset 
in the frequency domain, with a focus on the phases of fre‐
quency peaks. Another recommendation is to explore the 
time-frequency domain to evaluate the capability of these 
attributes to characterize faulty signals. Additionally, study‐
ing cases with multiple simultaneous misfires in a 12-cylin‐
der V-type diesel engine is suggested, aiming to develop 
methods for the detection and identification of such faults.
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