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Abstract 
With the advent of autonomous vehicles, there is a growing need for reliable and efficient classifiers in complex vehicular environments to 
detect faults. The diagnosis of faults is a key step to detect operating conditions that are abnormal early and in a way that will help in 
effective predictive maintenance. Machine-learning-based approaches offer potential solutions for fault diagnosis of vehicles based on the 
data collected from the vehicles, and with the development of wireless and intelligent vehicular technologies, it is now possible to use this 
observed data to complete this diagnosis. Four feature extraction and dimensionality-reduction methods, Principal Component Analysis 
(PCA), t-distributed Stochastic Neighbor Embedding (t-SNE), Non-Negative Matrix Factorization (NNMF), and Linear Discriminant Analysis 
(LDA), are tested and compared with a Support Vector Machine (SVM) for vehicle fault diagnosis. The extracted feature representations 
are fed to the SVM classifier, which classifies the vehicle conditions being observed. The results of the experiments reveal that the accuracy 
of PCA-SVM, t-SNE-SVM and NNMF-SVM is 99.14%, while that of LDA-SVM is 88.03%. In the set of the evaluated methods, t-SNE-SVM has 
the highest recall on 79.05% and F-measure of 79.02%, keeping an accuracy of 80% as PCA-SVM and NNMF-SVM methods. The results 
show the effect of feature representation on the detection of faults and that the representation t-SNE gives a relatively good representation 
of the data under evaluation. The proposed method can be used for automating vehicle fault diagnosis and be used as a framework for a 
predictive-maintenance vehicle application for the observed operating conditions of the vehicle.  
 
Keywords:  Machine Learning Classifiers, Principle Component Analysis, t-distributed Stochastic Neighbor Embedding (t-SNE), Linear 
Discriminant Analysis (LDA), Non-Negative Matrix Factorization (NNMF), SVM Classifier. 

 

1. Introduction   
The advancements and growing amount of sensors and the rudimentary data fusion techniques are considered 
significant factors in order to analyse software faults and hardware risk increases in terms of processing 
failures, actuators malfunctions, and sensor failures. Therefore, these issues are overcome by detecting various 
faults using control strategy methods to ensure certain factors, such as reliable performance results and 
autonomous systems (Mohamed, A et al., 2018). Most of the existing research on Machine Learning (ML) and 
statistical models mostly depends on the data that are accumulated from multiple sensors. The safety of 
autonomous vehicles is basically dependent on the reliance, sensor faults, and the resulting error propagation 
in order to ensure their safety and reliability of it (Zholghadri et al., 2014). A fault is considered one of the 
significant terms in autonomous vehicles that classify and detects the abnormal state of the vehicles.  It is 
investigated by the properties of the vehicles or the parameters of the systems. The fault system can be divided 
into sensor faults, actuator faults or any process faults. Sensor faults occur in the input modules and the 
actuator faults occur in the output modules (Wang et al., 2019). In order to remove the dangers and risks, the 
heavy vehicles are manufactured with the fault diagnosis units. The intention of the fault diagnosis systems is 
to detect, isolate and recognize the faulty sensors with the prediction of enhancing the reliability of sensors and 
also for making wiser decisions based on the prediction.   In order to remove the potential threats, the vehicles 
are constructed with the electronic architecture that intelligently predicts the fault present in the system, fault 
isolation that is used to find which sensor is faulty, fault identification that determines how the sensor has failed 
(Chen et al., 2018).   
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The rest of the sections are as follows: Section 2 provides the existing techniques of the research that include 
various ML classifiers and other feature extraction techniques in the autonomous vehicle system. Section 3 
provides a novel technique that discusses the design and functioning of the new proposed classifiers. Section 4 
presents the Experimental Results and Discussion that portrays the achieved results of the proposed system. 
Section 5 discusses the implications of the study for research, predictive maintenance, and vehicle fault 
diagnosis. Finally, section 6 represents the proposed research's conclusion that indicates the study's findings. 

 
2. Related Work 
In this related work section, we discuss the various Machine Learning techniques used in autonomous vehicle 
systems, especially in fault diagnosis. 
 
Faults that are identified in-vehicle sensors system have the capability to propagate the control system based 
on unchecked throughout. In case of undetected faults, automatic systems and health monitoring techniques 
are considered a vital part of automotive applications. Therefore, traditional fault diagnosis systems exhibit an 
effectual output, especially in complex systems that include autonomous vehicles. To overcome this kind of 
issue, a fault detection method has been used (LiamBiddle et al., 2021) with appropriate identification and 
isolation for multi-sensor systems with real-time experimentation. Additionally, SVM methods are utilized to 
identify the faults found in sensors. Further, DL-based methods are utilized by (Naeem Ayoub et al., 2020) for 
identifying faults, especially in power-line components. Therefore, a YOLOv4-tiny based DNN - Deep Neural 
Networks for identifying high accuracy components. To execute these DL-based techniques in a real-time 
scenario, various single-board devices, including Nvidia, TX2, Raspberry Pi4, and much more. 
 
Moreover, functional safety plays an essential role in the automotive industry with minimum costs has turned 
into a significant drawback. A PdM - predictive maintenance has been utilized in (Andreas Theissler et al., 2021) 
with operating data. Consequently, the existing research was analyzed from the ML perspective. The open 
challenges are identified and recognized based on the research activities. The available data which was publicly 
available would enhance the research activities. Further, most of the research concentrates only on supervised 
techniques needed for labeled data. Next, integrating multiple-data sources have the possibility to enhance the 
preciseness. And the utilization of DL-based methods will enhance the outcome; however, improvement was 
needed with the interpretable techniques with the availability of labeled data. The autonomous robotic 
manipulation systems are implemented in (Eduardo Godinho Ribeiro et al., 2021) with the capability to 
generalize to various objects with the high-processing speed that enables its application in real-time robotic 
systems scenarios. 
 
Furthermore, in the current environment, ML has been utilized in the system based on several conditions, 
including human performance. Most of the systems need safety assurance in the automotive system by 
developing appropriate ML-classifiers to diagnose and rectify faults. Hence, AMLAS - Assurance of ML for 
utilization in Autonomous Systems comprises a certain case pattern exhibited by associating safety assurance 
while developing the ML components (N. Adbennour et al., 2020). Most of the implementations resulted in 
certain limitations on diagnosing the fault in a real-time environment. To increase the accuracy in identifying 
the fault in the autonomous vehicle system, we have utilized ML classifiers in the research. 
 

3. Proposed Methodology   

The proposed methodology aims to diagnose vehicle faults through a machine-learning-based framework, 
which consists of data preprocessing, feature extraction/reduction and supervised classification. Five key 
stages are used in the overall framework: (i) data collection, (ii) data pre-processing and sampling, (iii) feature 
extraction and dimensionality reduction, (iv) the implementation of a SVM-based fault classification system, 
and (v) performance evaluation. The aim of the proposed framework is to find the most informative display of 
vehicle fault data and then to classify the operating state of the vehicle into the corresponding fault categories. 
The overall architecture of the proposed model is shown in Figure 1. 
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Fig 1. Overall Architectural Diagram 

 
3.1 Dataset Collection and Description  
The vehicle fault data for this study was downloaded from the open-source repository. The dataset contains 
data collected from various operating and fault conditions of the vehicles. The data for each observation is 
composed of a number of attributes that describe the vehicle condition in the observation and the target 
variable defines the fault class. 
The dataset was first checked for missing data, duplicate observations, inconsistent records, and class 
imbalance before applying the machine-learning algorithms. Noise and redundancy in the attributes are 
significant in the pre-processing stage as they may affect the learning process adversely and may lead to poor 
classification results. 
The data was split into attributes and classes. Have the original data set represented as in Eq. (1). 
𝐷 = {(𝑥𝑖 , 𝑦𝑖)}𝑖=1

𝑁                 (1) 
                                                                                                               
Here, the term 𝑁 denotes the number of observations, 𝑥𝑖 ∈ ℝ𝑑 denotes the 𝑑-dimensional feature vector of the 
𝑖𝑡ℎ observation, and 𝑦𝑖  denotes the fault class of the observation. 
3.2 Data Pre-processing and Sampling 
Data pre-processing was done prior to feature extraction and classification. The pre-processing stage was 
developed to enhance the quality of the data, minimize redundancy, and ensure that the data fed into the 
machine-learning algorithms is presented in a consistent format. 
3.2.1 Data Cleaning 
The data collected was first checked for missing, duplicate, irrelevant and inconsistent data. Handling of 
missing or invalid observations was done based on the characteristics of the data sets. In cases where it was 
necessary to eliminate observations due to duplication of effort, they were removed to avoid giving too much 
weight to repeated observations. 
3.2.2 Class Distribution and Sampling 
Fault data sets might have unequal numbers of observations in the different fault categories. Such class 
imbalances may lead to a bias of the classifier towards the majority class. A sampling procedure was thus 
adopted to get a representative training dataset therefore. 
Suppose that the dataset𝐷 is given as𝑁 to denote the observations. A sample𝐷𝑠  of a dataset is collected as in Eq. 
(2). 
𝐷𝑠 ⊆ 𝐷,  ∣ 𝐷𝑠 ∣<∣ 𝐷 ∣             (2)                                                                                                                     
 
Here, 𝐷𝑠is the sample that is obtained which is used for the next processing. The sampling process helps to 
decrease the number of observations to be processed when training the model, while keeping the 
representation of the relevant fault categories. The sampling method was chosen based on the distribution of 
the data set in the classes. 
3.2.3 Feature Scaling 
 The features were scaled prior to classification, due to different ranges of numbers in the extracted features. 
Assume the original value of the feature is 𝑥 , with minimum and maximum being𝑥min  and 𝑥max . Min-max 
normalization is given as in Eq. (3). 

𝑥′ =
𝑥−𝑥min

𝑥max−𝑥min
                       (3)                                                                                                                   

 
Here, the term 𝑥′ is the normalized value of the feature. For SVM, the scale of the individual attribute will be 
important, so feature scaling is especially crucial. 
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3.3 Feature Extraction and Dimensionality Reduction   
The feature extraction and dimensionality reduction process is an important part of the proposed fault 
diagnosis process. The number of attributes present in the collected vehicle fault data set can be quite high, 
there may be redundant information and correlated features, which can lead to high computational complexity 
in the classification process and may have a negative effect on the ability of the classifier to learn the 
classification. To this end, suitable feature transformation methods are used to get a compact and informative 
representation of the original vehicle data. In the present study, four methods, namely, the Principal 
Component Analysis (PCA), the Linear Discriminant Analysis (LDA), the Non-Negative Matrix Factorization 
(NNMF) and the t-distributed Stochastic Neighbor Embedding (t-SNE) are studied. These techniques are 
chosen because they offer various methods for representation of high dimensional data. PCA determines the 
directions of maximum variation, LDA maximizes the separation between the predefined fault classes, NNMF 
latent representation of the input data is kept non-negative, and t-SNE captures the nonlinear local 
relationships between the data observations. These techniques are then applied to transform the 
representations, which are fed into the SVM classifier. Experiments are conducted in similar conditions, and 
the correctness of the classification is compared for the four approaches to find the most appropriate feature 
representation for vehicle fault diagnosis. 
3.3.1 Principal Component Analysis (PCA) 
PCA is an unsupervised dimensionality reduction method which maps a high dimensional data set to a lower-
dimensional one of uncorrelated variables called Principal Components (PCs). In a vehicle fault diagnosis, it is 
possible to find highly correlated or redundant information in different attributes, because it is possible for 
several vehicle parameters to have similar variations within the same operating or fault condition. If such 
attributes are given directly to the classifier, the input space can become quite high dimensional and may lead 
to expensive computations. To solve this, PCA computes new directions which represent as much variance as 
possible from the original directions. 
 
Let𝑋 represent the preprocessed feature matrix. PCA finds a transformation matrix𝑃 based on the input data's 
covariance structure, with the reduced representation being the result as in Eq. (4). 
𝑍 = 𝑋𝑃                      (4)  
                                                                                                                       
Where𝑍 is the transformed feature matrix and 𝑃 are the selected principal components. The components are 
ordered by the eigenvalues corresponding to them, such that the components with larger eigenvalues contain 
a larger percentage of the total variation of the original data. Only the necessary number of components are 
kept to achieve a lower dimensional representation of the data but still including the necessary information in 
the original components. PCA is hence used in the proposed fault diagnosis framework to reduce the 
dimensions of features, reduce the effect of correlation between different attributes, and to get a compact 
representation of SVM classification. The PCA-based representation is then fed into the SVM classifier and the 
diagnostic performance is compared with the other feature extraction methods. 
3.3.2 Linear Discriminant Analysis (LDA)  
LDA is a dimensionality reduction method that uses class information to transform the original feature space 
and is supervised. Whereas PCA is used to retain the overall variance of the data, LDA tries to find a projection 
in which observations in different classes are well separated while observations in the same class are closely 
grouped. This property makes LDA very applicable to fault diagnosis problems, where the focus is on 
determining the vehicle fault categories. The LDA transformation is determined by considering the within-class 
and between-class variations of the data. The goal is to achieve the highest between-class vs within-class value 
as in Eq. (5). 

𝐽(𝑊) =
∣𝑊𝑇𝑆𝐵𝑊∣

∣𝑊𝑇𝑆𝑊𝑊∣
                (5)  

                                                                                                                        
Here, the between-class scatter matrix is denoted by 𝑆𝐵 , the within-class scatter matrix is indicated by 𝑆𝑊 and, 
𝑊 represents the transformation matrix. The resulting projection allows a lower dimensional feature space 
suited with more discriminative information with respect to the pre-defined fault classes. The class labels are 
used during transformation in LDA, so it can highlight the features which discriminate among the fault 
conditions. In the proposed methodology, the preprocessed vehicle dataset is used to obtain the discriminative 
feature representations using LDA and fed to SVM to classify the vehicles. This LDA-SVM is evaluated for its 
performance to see if the class-oriented representation improves fault classification. 
 
3.3.3 Non-Negative Matrix Factorization (NNMF) 
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NNMF is an unsupervised matrix-factorization technique that decomposes the original non-negative matrix 
into two smaller non-negative matrices, to provide a lower-dimensional representation of the data. When the 
attributes of the input have non-negative values, the technique is useful because the resulting components can 
be thought of as additive combinations of the original values. NNMF can be used to discover latent patterns in 
the dataset and to reduce the dimensionality of the dataset by representing the original observations in a lower-
dimensional space, which is important in the field of vehicle fault diagnosis. 
Let 𝑉 be a non-negative input matrix. NNMF is an approximation of the original matrix as the product of two 
lower dimensional non-negative matrices 𝑊 and 𝐻 as shown in Eq. (6). 
𝑉 ≈ 𝑊𝐻                    (6)                                                                                                                     
Here, the term 𝐻 is a matrix of the factors and 𝑊 shows the lower-dimensional bias, where the number of latent 
components that is less than the number of features. Using this factorization, a few latent components are used 
to represent the original high-dimensional data. In doing this, we are reducing the dimensionality of our data, 
while preserving the important structures. The NNMF is applied to the preprocessed vehicle fault dataset in 
the proposed methodology to get a reduced non-negative representation. This representation is then fed into 
the SVM classifier for fault identification. Based on the NNMF representation, the classification performance is 
evaluated and compared to that of other representations, such as PCA- and LDA-based and tSNE-based 
representations, to see how well the NNMF-based representation can be used for the problem of fault diagnosis 
under investigation. 
3.3.4 t-Distributed Stochastic Neighbor Embedding (t-SNE)  
t-SNE is a dimensionality reduction method that is a non-linear version of Stochastic Neighbor Embedding 
(SNE). t-SNE is able to capture nonlinear aspects of relationships between observations, which is not possible 
with linear dimensionality-reduction methods like PCA and LDA. This property is important in vehicle fault 
diagnosis, when considering that the appearance of different fault modes may not necessarily be separable 
linearly in the original feature space. 
The t-SNE algorithm first measures the similarity between observations in the original high dimensional space 
and then tries to maintain that similarity in the lower dimensional space. In the lower-dimensional space the 
similarity between observations is modeled by a student’s t-distribution. Optimization is provided by 
minimizing similarity distances between the original space and the lower dimensional space to transform the 
space. Kullback–Leibler divergence is used as the optimization objective as shown in Eq. (7). 

𝐶 = ∑ ∑ 𝑝𝑖𝑗𝑗𝑖
log (

𝑝𝑖𝑗

𝑞𝑖𝑗
)                          (7)                                                                                                

where 𝑝𝑖𝑗  is the similarity in the original space and 𝑞𝑖𝑗  is the similarity in the lower dimensional space. This 

study uses t-SNE to explore if there are any nonlinear local relationships in the vehicle fault data that can give 
a better representation to be classified. The output of the t-SNE is fed to the SVM classifier and its performance 
is compared with the other feature extraction methods. The classification result shows that the nonlinear local 
structure discovered by t-SNE is especially helpful to classify the fault categories in the investigated dataset, if 
the model based on t-SNE has the highest classification performance. 
3.4 Construction of the SVM Classifier 
After feature extraction the reduced feature representations produced by PCA, LDA, NNMF, and t-SNE are fed 
into a Support Vector Machine (SVM) classifier independently of each other. SVM is a supervised machine-
learning method that can be used for classification, and it is a widely-adopted method due to its capacity to 
build efficient decision boundaries in high dimensional feature spaces. The SVM is utilized for classification in 
the proposed methodology to classify the vehicle observations into their fault category based on transformed 
feature representation. In a binary classification problem, the separating hyperplane of SVM can be represented 
in Eq. (8). 
𝑤𝑇𝑥 + 𝑏 = 0                         (8)   
                                                                                                                    
Here, the term 𝑤 is the weight vector, 𝑥 is the input feature vector and 𝑏 is the bias term. The classifier is going 
to find an optimum separating hyperplane which has to maximize the margin between the hyperplane and the 
nearest observations in the training set. The closest observations in these are called support vectors. The 
maximization of the classification margin is important to have good generalization capability when unseen 
vehicle observations are fed to the classifier. 
The RBF kernel is used in the proposed SVM-based fault Classifier, because the relationship between the vehicle 
attributes and fault conditions may be nonlinear. The RBF kernel allows to map the input observations into a 
higher dimensional feature space and it allows to build nonlinear decision boundaries. The RBF kernel is given 
by Eq. (9). 

𝐾(𝑥𝑖 , 𝑥𝑗) = exp(−𝛾 ∥ 𝑥𝑖 − 𝑥𝑗 ∥2)              (9)                                                                                            
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Here, the term𝛾  controls the influence of individual training observations. The regularization parameter 𝐶 
determines the balance between maximizing the separation between the different classes and minimizing the 
misclassification rates. The SVM parameter’s values are determined based on the experimental setup adopted 
in this study. Four feature representations are used to compare the SVM configuration used to all of them is the 
same. 
3.5 Integration of Feature Extraction Techniques with SVM 
The proposed methodology is based on comparing the effectiveness of the four feature extraction techniques 
by using the same SVM classification model for each one of them. Pre-processing and feature scaling are then 
performed on the original vehicle data set, and each feature extraction method is used individually to reduce 
the dimensionality of the data. The resulting representation is then fed into RBF-based SVM classifier. The four 
configurations of the classifiers, i.e., PCA-SVM, LDA-SVM, NNMF-SVM and t-SNE-SVM are studied. The common 
use of the same classifier for all feature representations is used to ensure that the comparison is mainly 
between the influence of the feature extraction technique and not the difference in the classification methods 
used. The training and testing process, the configuration of the classifiers, and the performance measures are 
the same for each model. This experimental setup serves as a systematic basis to find out which feature 
representation is best suited for the detection of fault conditions in a vehicle. 
3.6 Training and Testing of the Classification Models 
The data is split into training and testing set after preprocessing and feature transformation. The former 
training subset is used to build the classification model, while the latter testing subset is kept to test the model 
on a set of previously unseen observations. If the different categories of faults are expected to be distributed 
unevenly, stratified partitioning can be used to ensure that the relative proportions of the various classes are 
the same in each of the two subsets. The feature transformation applied to the testing observations is done with 
the feature transformation that was learnt from the training data. This procedure is crucial as the information 
from the testing data shouldn't affect the training process. This separation helps minimize data leakage and is 
more beneficial for estimating the generalization capability of the proposed fault diagnosis model. This training 
and testing process is kept the same across PCA-SVM, LDA-SVM, NNMF-SVM and t-SNE-SVM to reasonably 
compare the results obtained. 
3.7 SVM Parameter Selection 
The RBF based SVM performance is sensitive to its hyperparameters including the regularization parameter 𝐶 
and the kernel parameter𝛾. The parameter 𝐶 sets the trade-off between attaining a large classification margin 
and tolerating a high number of classification errors, whereas the parameter 𝛾 controls the effect of each 
observation in the nonlinear feature space. It is therefore important to have a proper choice of the parameters 
to get a robust classification model. The optimal SVM parameters are determined depending on the 
experimental method used in the research. If the model has been optimized using cross-validation or grid 
search, then this should be explained here. For instance, candidate values of 𝐶 and 𝛾 can be tested with cross 
validation on the training set, and the one that achieves the best validation performance could be chosen for 
the final model. To ensure an equal comparison to all four feature representations, the same procedure for 
selecting the parameters should be used. 
3.8 Vehicle Fault Diagnosis 
New vehicle observations are matched with trained SVM models to identify the fault condition associated with 
the new observation. In the process of diagnosis, the first step is to preprocess the input observation and 
transform it into a feature vector using the same preprocessors and transformations that were used during the 
training process. The resulting feature vector is then fed into the trained SVM classifier, which classifies the 
observation to its respective fault category. During diagnosis, the system can determine if any faults are likely 
to be present in the vehicle, according to the characteristics it has learned from the data. The results obtained 
from the PCA-SVM, LDA-SVM, NNMF-SVM and t-SNE-SVM classifiers can be compared to each other to 
determine which one is the most reliable to classify the investigated vehicle fault conditions because the 
proposed framework evaluates multiple feature representations. 

 
4. Experimental Results and Discussion 
The performance of the proposed machine-learning-based fault diagnosis approach was tested by varying the 
type of feature extraction and dimensionality reduction methods used in the system, such as PCA, t-SNE, NNMF, 
and LDA, and applying them with an SVM classifier. The aim of the experiments was to investigate the effect of 
the various feature representations on the classification of vehicle fault conditions. The data set has 617 
observations and 27 original attributes, of which 20 attributes were reduced to a smaller size feature space for 
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classification. The performance of each feature extraction method is measured through the precision, recall, F-
measure and accuracy. The results acquired by each of the four approaches are analyzed separately and then 
compared against to determine which representation of features is best for the fault-diagnosis problem under 
consideration. 
4.1 Performance Evaluation 
The effectiveness of the proposed fault diagnosis models is tested by the standard classification measures. 
Accuracy is the term used to determine the overall percentage of correctly classified observations and is 
calculated as in Eq. (10). 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                            (10)                                                                                        

 
where 𝑃  , 𝑇𝑁 , 𝐹𝑃 , and 𝐹𝑁denote true positive, true negative, false positive, and false negative predictions, 
respectively. While accuracy is generally considered overall effectiveness of classification, it is not enough 
when the distribution of the fault classes is imbalanced. Hence, precision, recall and F1-score are also taken 
into consideration as it gives a wider analysis of the classification models. Precision is the percentage of 
correctly identified observations of all observations predicted to be of a particular class, whereas recall is the 
percent of observations of that class identified correctly. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                          (11)  

                                                                                                      

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                   (12) 

                                                                                                                    
 The F1 score is both a precision and recall score. Further, a confusion matrix is used to analyse the classification 
behaviour for each individual fault category, as well as to determine which fault classes are most often 
misclassified by the classifier. 
4.2 PCA-SVM Performance 
To reduce the dimensionality of the set of vehicle attribute data to a lower dimensional space that would 
preserve the dominant information, PCA was employed. The generated features were fed to SVM classifier to 
classify the fault. The achieved objective function during the process is shown in Fig. 2, which is based on PCA. 
The minimum value of the objective function rapidly decreases in the early function evaluations, and then 
stabilizes, proving convergence of the optimization process. The PCA representation obtained was used as an 
input to SVM which showed a higher classification performance than the other methods taken into 
consideration in the study. The PCA results show that linear dimensionality reduction is capable of capturing 
sufficient information from the original vehicle attributes for good fault classification. 
 

 
Fig 2. Objective-function convergence for the PCA-based feature extraction process 

 
4.3 t-SNE-SVM Performance  
The vehicle data was represented in a lower dimensional space in a nonlinear way using t-SNE before applying 
the SVM classifier. The process is presented with the objective-function behaviour in Fig. 3. During the first few 
function evaluations, the minimum observed objective drops significantly after which it tends to a stable area, 
which means that the optimization process is converging. By using the nonlinear representation created by t-
SNE, the SVM classifier can be used to classify data in a different feature space, and the classification model can 
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be based on the relationships between the transformed data. The effectiveness of the t-SNE based approach in 
terms of fault detection performance is clearly illustrated in the values of recall and F-measure obtained in the 
overall comparison given later in this section. 
 

 
Fig 3. Objective-function convergence for the t-SNE-based feature extraction process with SVM 

 
4.4 NNMF-SVM Performance 
The original vehicle data was represented in a lower dimensional non-negative space using NNMF. The process 
of factorization breaks down the data into non-negative factors that can be used to interpret patterns in the 
data. The convergence of the objective function achieved in the NNMF process is presented in Fig. 4. The target 
value rapidly drops in the first function evaluations and then moves towards a stable value, which implies that 
the iterative process is converging towards a target value. NNMF representation was fed to the SVM vehicle 
fault classification. The results showed that NNMF can be used as an effective reduced representation of the 
classification task, and yielded comparable performance with PCA- and t-SNE-based approaches. 
 

 
Fig 4. Objective-function convergence for the NNMF-based feature extraction process with SVM 

 
4.5 LDA-SVM Performance 
LDA was used as a supervised dimensionality reduction method to get the feature representation with class-
related information. The LDA-based process objective-function behaviour is shown in Fig. 5. The minimum 
observed objective decreases at the first evaluations of the function and is then relatively constant meaning 
that the optimization process is converging. This representation was then fed to an SVM classifier, which gave 
an LDA representation. LDA-SVM outperformed the other feature extraction techniques based on the 
experimental settings used in this study. This means that the representation obtained by LDA was not as well 
suited for separation of the vehicle fault conditions in the test set. 
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Fig 5. Objective-function convergence for the LDA-based feature extraction process with SVM 

 
4.6 Comparative Performance Analysis 
The overall classification results of PCA-SVM, t-SNE-SVM, NNMF-SVM and LDA-SVM are shown in Table 1. PCA-
SVM, t-SNE-SVM, NNMF-SVM achieved same accuracy of 99.14% while LDA-SVM accuracy is 88.03%. Even 
though all the first 3 approaches resulted to the same accuracy values for 99.14%, only the t-SNE-SVM approach 
achieves the recall for 79.05% and F-measure for 79.02%; PCA-SVM achieved highest recall value for 77.60% 
and F-measure value for 78.82%. For the NNMF-SVM approach recall value achieved is 77.77% and F-measure 
value for 78.80%. The result generated by LDA-SVM are substantially lesser having a value for precision of 40%, 
for recall 37.58 and F-measure of 38.71. The performance results show that the t-SNE-SVM could perform well 
on recall and F-measure without obtaining the highest accuracy as compared to PCA-SVM and NNMF-SVM. 
 

Table 1. Comparative performance of feature extraction techniques with the SVM classifier 

SVM classifier PCA t-SNE NNMF LDA 

Precision 80% 80% 80% 40% 

Recall 77.6% 79.05% 77.77 % 37.58% 

F- Measure 78.82% 79.02% 78.8% 38.71% 

Accuracy 99.14% 99.14% 99.14% 88.03% 

 
All four approaches are graphed and compared in Fig. 6. As can be seen from the figure, the performance of 
PCA-SVM is almost comparable to that of t-SNE-SVM and NNMF-SVM while LDA-SVM gives poorer performance. 
Especially, the precision values of the first three methods are quite similar and t-SNE-SVM method has minor 
benefit in the recall and F-measure value. However, the comparative results show that, even when the overall 
accuracy is the same, the choice of feature extraction method has an impact on the results of fault detection. 
 

 
Fig 6. Comparative performance of PCA-SVM, t-SNE-SVM, NNMF-SVM, and LDA-SVM 
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4.7 Discussion of Results 
The experimental results show that representation of features is also significant in the vehicle fault diagnosis 
system using SVM. The accuracy of PCA-SVM, t-SNE-SVM and NNMF-SVM have been significantly improved as 
compared to that of LDA-SVM, and all three gave an accuracy of 99.14%. But accuracy alone would not 
distinguish the three approaches since their values are the same. The accuracy achieved by the t-SNE-SVM 
classification algorithm is slightly better on recall and F-measure, suggesting a slight benefit in the 
identification of actual fault conditions as well as to keep the balance between precision and recall. The result 
indicates that the use of nonlinear feature representation might be useful for the analyzed dataset. However, 
the difference between the t-SNE-SVM and the PCA-SVM and NNMF-SVM is not significant and should be 
considered as a comparative advantage in this experimental set-up, not as t-SNE being always superior. The 
results also indicate that LDA-SVM achieved significantly less accuracy under the same experimental conditions 
showing the significance of selecting a feature representation that is relevant to the nature of the data and fault-
classification problem. 
 
5. Implications of the Study 
5.1 Research Implications 
Based on this study, some research implications can be drawn from the comparison between PCA, t-SNE, NNMF 
and LDA along with a common SVM classifier. The results show that although the accuracy is about the same, 
the two sets of features can lead to different fault-classification behavior. In particular, the representation of 
the input data can affect the potential of a classifier to recognize fault conditions, as t-SNE-SVM showed the best 
recall and F-measure values among the different approaches tested. This result could be a starting point to 
explore other nonlinear feature representation in machine-learning-based fault diagnosis. Further studies can 
be conducted by comparing more dimensionality reduction methods, feature selection algorithms, classifiers, 
and deep learning models. Validation with other larger datasets, other independent datasets, cross validation, 
and real-time data from vehicle operations would also yield more evidence of generalizability of the results. 
5.2 Implications for Predictive Maintenance and Fault Diagnosis 
The results are useful for predictive-maintenance and vehicle fault-diagnosis systems. Feature extraction prior 
to SVM classification can help to reduce the dimensionality of the vehicle data and give a compact 
representation for automated fault classification. In the current experiment, the t-SNE-SVM approach resulted 
in the highest recall and F-measure values, which is applicable for predictive maintenance because of increased 
recall, a larger proportion of actual fault conditions can be identified. This model may help the maintenance 
staff to monitor the condition, screen the faults, prioritize maintenance, and plan maintenance. The proposed 
approach is however intended as a decision support approach, not a substitute for engineering inspection or 
physical diagnosis. Further validation with real-world and continuously collected vehicle data is needed before 
it can be put into use in safety-critical predictive-maintenance systems. 
5.3 Limitations and Future Research 
There are several limitations to the findings like it was evaluated using 617 observations and 27 original 
attributes, and the data set does not necessarily represent all the variability of real world operating conditions 
of a vehicle. Furthermore, four feature extraction methods were used with the SVM classifier, and other feature 
representations and classifiers can yield different results. The high accuracy values must be considered in 
conjunction with precision and recall and F-measure values, because accuracy alone does not necessarily 
reflect fault-detection capability, especially in the case of an unbalanced class distribution. Larger and diverse 
datasets, repeated cross validation, independent external validation, class-wise performance analysis and real-
time experiments should, therefore, be considered in future work. The additional extensions would give the 
proposed fault-diagnosis framework strength and usefulness.   
 

6. Conclusion  
In this study, PCA, t-SNE, NNMF, and LDA were used to represent features of vehicles and an SVM was used to 
classify the features. The results of the experiments are presented and show that the accuracy of PCA-SVM, t-
SNE-SVM and NNMF-SVM are 99.14% and LDA-SVM are 88.03%. The best performance in terms of recall 
(79.05%) and F-measure (79.02%) was obtained with the t-SNE-SVM approach among the evaluated 
approaches. Thus, t-SNE-SVM gave the best results for fault detection recall and F-measure and a comparable 
result for accuracy, when compared with PCA-SVM and NNMF-SVM. The results show that the representation 
of the features can affect the performance of machine learning-based fault diagnosis. However, it also gives a 
comparison to choose among the feature extraction methods for predictive-maintenance applications and also 
emphasizes the significance of precision, recall and F-measure apart from accuracy. The proposed approach 
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needs to be further validated based on larger, more diverse and real-time vehicle datasets before it can be 
suggested for practical or safety critical use. 
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