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Abstract: Predictive maintenance (PdM) is implemented to efficiently manage maintenance sched-
ules of machinery and equipment in manufacturing by predicting potential faults with advanced
technologies such as sensors, data analysis, and machine learning algorithms. This paper introduces
a study of different methodologies for automatically classifying the failures in PdM data. We first
present the performance evaluation of fault classification performed by shallow machine learning
(SML) methods such as Decision Trees, Support Vector Machines, k-Nearest Neighbors, and one-
dimensional deep learning (DL) techniques like 1D-LeNet, 1D-AlexNet, and 1D-VGG16. Then, we
apply normalization, which is a scaling technique in which features are shifted and rescaled in the
dataset. We reapply classification algorithms to the normalized dataset and present the performance
tables in comparison with the first results we obtained. Moreover, in contrast to existing studies in
the literature, we generate balanced dataset groups by randomly selecting normal data and all faulty
data for all fault types from the original dataset. The dataset groups are generated with 100 different
repetitions, recording performance scores for each one and presenting the maximum scores. All
methods utilized in the study are similarly employed on these groups. From these scores, the use of
1D-LeNet deep learning classifiers and feature normalization resulted in achieving the highest overall
accuracy and F1-score performance of 98.50% and 98.32%, respectively. As a result, the goal of this
study was to develop an efficient approach for automatic fault classification, leveraging data balance,
and additionally, to provide an analysis of one-dimensional deep learning and shallow machine
learning-based classification methods. In light of the experimentation and comparative analysis, this
study successfully achieves its stated goal by demonstrating that one-dimensional deep learning and
data balance collectively emerge as the optimal approach, offering good prediction accuracy.

Keywords: predictive maintenance (PdM); fault classification; data balance; shallow machine learning;
one-dimensional deep learning; balanced dataset; imbalanced dataset; feature normalization

1. Introduction

In recent decades, due to the expansion of the industrial internet, digital technologies,
and smart systems, companies are accelerating their innovation and generating productivity
gains by using artificial intelligence. For instance, in manufacturing, the emergence of
the Industrial Internet of Things (IIoT) and machine learning technologies can enable
the monitoring of equipment performance, predict maintenance needs, and optimize
production processes. The concept of the IIoT is defined as the creation of a common
network platform that includes all internet-based objects which can generate, exchange,
and analyze industrial data using this platform. All these objects can communicate with
each other through different protocols on this network [1]. The IIoT aims to make smarter
factories, increase efficiency, activity, and economy, and create an environment that enables
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them to produce complex products in shorter times and with higher quality by integrating
into production facilities the fourth industrial revolution, or Industry 4.0. The goal of
Industry 4.0 is firstly to make factories and machines self-aware and enable them to gain
the ability to make autonomous decisions and self-control about production, assembly, and
maintenance [2,3].

One of the most important outcomes of Industry 4.0 is predictive maintenance (PdM),
which is an improved digital version of machine maintenance. Key benefits of PdM can
be summarized as follows: the detection of abnormal machine behavior, prediction of
failure modes, improvement of machine control, and high product quality [4]. In addition,
it contributes to reducing the risks of machine failures, extending the life of machinery,
optimizing maintenance time, and the use of spare parts [5,6].

PdM and real-time analysis of equipment situation information, e.g., failure, normal,
or healthy state, is usually obtained from sensors on the equipment and/or external
measurements taken by portable devices, and then all this measurement data are processed
via software [7]. In order to achieve healthier and more successful results in PdM, it is
necessary to collect sufficient numbers of temperature, vibration, noise, lubrication, and
corrosion signals from the machine in the production process [8]. A neural network can
be trained with these signals, which come through sensors on the equipment. Machine
performance can be monitored, and predictions about future situations can be made by
using an artificial neural network model. With the PdM applications made in this way,
the aim is to minimize the number of unscheduled failures and outages, reduce the cost of
maintenance, and improve the efficiency of machinery [9,10].

PdM seeks to determine optimal maintenance parameters by analyzing fault clas-
sification results, which involves identifying the root cause of failures and categorizing
them based on priority and potential impact. In recent years, various types of machine
learning methods have been applied for analyzing and classifying the faults. In the liter-
ature, a Support Vector Machine (SVM) algorithm for diagnosing induction motor faults
was presented using frequency-domain vibration signals [11]. In another study, wavelet
transform (WT), a well-known time–frequency domain analysis tool, was used to diagnose
and prognose bearing faults [12]. As another example, artificial neural network techniques
and fuzzy integral were considered for the fault diagnosis of large-scale power systems [13].
In addition to these studies, by applying feature extraction using wavelet and applying
classification using the decision tree (DT) machine learning algorithm, fault diagnosis of
the monoblock centrifugal pump was made with vibration data [14]. In a paper [15], a
logistic regression classification method which applied to a labelled oil analysis dataset
was used to classify machine conditions, e.g., healthy or faulty. In the literature, there are
different studies which have been conducted in the field of PdM, such as bearing fault de-
tection and bearing degradation performed by shallow machine learning algorithms [16,17].
Orrù et al. [18] presented a machine learning model with two different algorithms such
as SVM and multi-layer perceptron for early fault prediction of a centrifugal pump in the
oil and gas industry. Pinedo et al. [19] used machine learning techniques for analyzing
vibration signals and feature extraction to classify the wear level of bearings, essentially
aiming for fault identification and classification. In view of the fault diagnosis of industrial
process equipment, the authors introduced a convolutional neural network identification
method with continuous wavelet transform on the vibration signal of the equipment and
achieved good diagnosis results [20]. Gao et al. suggested a diagnosis study based on
machine learning which combined the data self-generation and convolution neural network
methods for classification of typical chiller faults [21]. In Ref. [22], the authors proposed
a k-Nearest neighbor (k-NN) hierarchical clustering method in their paper for dynamic
ensemble selection in Random Forests to solve fault classification problems, which are a
significant part of industrial process.

While these studies contribute valuable insights, there are limitations and gaps in
the existing literature. In particular, many studies are based on shallow machine learning
algorithms. Additionally, data imbalance issues persist and affect the performance of fault
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classification models. Despite these contributions, existing work often faces challenges
such as limited scalability, suboptimal performance due to data instability, and reliance on
shallow machine learning methods. Our work aims to address these challenges by introduc-
ing novel methodologies for fault classification in industrial environments, developing an
efficient approach for automatic fault classification by leveraging data balance and normal-
ization techniques, and conducting a comprehensive analysis comparing one-dimensional
deep learning methods with shallow machine learning-based approaches.

Most of the PdM studies cited in the literature that we mentioned above have utilized
data from experimental setups, with very few relying on real-world data. There are several
challenging estimation and classification problems that need to be solved associated with
PdM in the industry. Mostly, it is difficult and almost impossible to obtain real industrial
data in this area. Therefore, synthetic data obtained from real or software simulations
are used in the literature. An explainable model and interface were proposed for PdM
applications with a public dataset that reflects the real predictive maintenance encountered
in the industry [23]. In paper [23], after analyzing the dataset [24], the classifier was
trained, its performance was measured, and finally, the explanations provided by an
explainable model and interface were evaluated. In another publication using the same
PdM dataset, an approach for self-adaptive cyber–physical systems was proposed in the
literature [25]. In the last part of their paper, a case study was conducted with a specific
focus on the fault prediction module within the cyber–physical systems approach they
proposed. Within the scope of this study, classification was performed to estimate the
fault diagnosis (machine failure and non-failure) using only three features of the dataset.
Finally, clustering algorithms were applied to the dataset, and the clustered fault types were
displayed in 3D graphics. The discussion section in our study provides detailed accounts
of other studies in the literature utilizing this dataset, including a comparison table with
explanations and performance metrics.

In our study presented in this paper, we used the same dataset constructed with the
aim of reflecting real predictive maintenance data in the industry [24]. The dataset contains
10,000 data points and it can be defined as an imbalanced dataset since only 3.4% of points
represent fault data. The general architecture of our study is presented in Figure 1 as a
flowchart diagram. In this paper, essentially, shallow classification techniques were applied
for general machine failure and other fault type labels in the imbalanced dataset. Unlike
the studies in the literature, the classification performances were examined with deep
learning architectures considering the features included in the dataset as a one-dimensional
vector. Then, simulations were carried out on the dataset after feature normalization,
the classification algorithms were repeated, and the performance results were recorded.
Eventually, the balanced datasets were generated for each fault type over the whole dataset.
The study was completed by comparing the performance metrics by applying shallow and
deep learning classification models on the imbalanced and balanced datasets with and
without feature normalization. In short, this study unfolds through the following pathways,
and can be summarized as follows:

• Within the scope of classification studies, in addition to shallow machine learning
algorithms, one-dimensional deep learning architectures (1D-LeNet, 1D-AlexNet, and
1D-VGG16) were also used for PdM.

• Before fault classification, the data preprocessing operation mentioned in the “Dataset
Description and Preprocessing” section was applied to the original dataset to remove
outliers, unlike the studies using the Matzka PdM dataset.

• Feature normalization techniques such as min/max and z-score, which were not
investigated in the Matzka PdM dataset, were used to ensure that the features were on
a similar scale and had the same range of values.

• To demonstrate the impact of imbalanced and balanced distributions of labeled data
on classifier performance, new dataset groups were generated for all fault types; gen-
erations were performed with 100 different repetitions and the maximum performance
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scores are displayed in tables, diverging from the analyses conducted with the Matzka
PdM dataset.

• A table was constructed to compare this study with others in the literature that used
the same original PdM dataset, focusing on methodology, dataset type, fault type and
performance metrics.
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Figure 1. Flowchart diagram of the proposed approach.

2. Materials and Methods
2.1. Dataset Description and Data Preprocessing

The dataset used for PdM known as the “AI4I 2020 Predictive Maintenance Dataset”,
which is available to access in the UCI library, is utilized in this study [24]. This dataset
represents actual predictive maintenance data experienced in industry, since it is hard
to collect PdM statistics from production areas. Table 1 shows the features and label
descriptions in the dataset. The dataset contains 10,000 cases, of which 3.4% are fault data,
which makes the dataset imbalanced. Each case has six features in columns, one machine
failure label and five machine failure types.

Data preprocessing is the procedure of preparing data for analysis by editing, remov-
ing, or fixing data that are corrupted, incorrect, wrongly formatted, incomplete, irrelevant,
or duplicated. This operation enhances data quality and helps to supply more modest,
correct, and trustful data information for machine learning applications. For these reasons,
the dataset was examined in the context of data preprocessing.

The machine failure (MF) class label is set to 1 if a machine fails and 0 otherwise. In
other words, if any of the fault types from heat dissipation failure (HDF), overstrain failure
(OSF), power failure (PWF), tool wear failure (TWF) occur except random failures (RNF),
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machine failure is reported as true. Unusual data that did not meet this condition, which is
one of the contributions of this study, were excluded from the dataset. For instance, despite
the fact that the RNF fault type is labeled 1 in 18 rows in the dataset, the machine failure
columns are labeled as 0. Similarly, the machine failure values are labeled as 1 in 9 rows
in the dataset, and the values in the fault type columns are labeled as 0. Since these rows
did not contain data of any fault type and their label was machine failure 1, they were
removed from the dataset. Figure 2 presents the explainable graphical structure of machine
failure and non-failure classes. It illustrates the relationships among the four fault types
investigated in the study—HDF, OSF, PWF, and TWF—as well as the distinct RNF fault
type, in the context of both machine failure and non-failure scenarios.

Table 1. The description of the dataset.

Features Description

Product ID Product Quality Variant (L, M, or H)
Air Temperature [K] Atmospheric/Ambient Temperature

Process Temperature [K] Operational Temperature
Rotational Speed [rpm] Speed of the machine

Torque [Nm] Torque of the machine
Tool wear [min] The quality variables of tool wear for the used tool in the process
Machine Failure Machine failure:1, non-Failure:0

Fault Types

Heat dissipation failure (HDF)
Overstrain failure (OSF)

Power failure (PWF)
Tool wear failure (TWF)
Random failures (RNF)
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2.2. Feature Normalization

A normalization process is required for the data to have an equal contribution to
the proposed model. The aim here is to bring the data to a common standard among the
datasets so that they can be compared and to put the significant differences between the
data into a single order. The most commonly used methods for data standardization are
min–max normalization [26] and z-score normalization [27].

In min–max normalization [26], the original data are converted by linear conversion
to the new data range, which is typically 0–1. The equation is given as follows:

y =
x − xmin

xmax − xmin
(1)

where y is the normalization value, x represents the value of data, and xmin and xmax denote
the minimum and maximum value of the data.

In z-score normalization, any y-value of the variable is normalized by the z-score,
known as the mean and standard deviation of the variable [27]. The equations for mean,
standard deviation, and z-score are as follows:

µ =
1
N

N

∑
i=1

(xi) (2)

σ =

√√√√ 1
N

N

∑
i=1

(xi − µ)2 (3)

z =
x − µ

σ
(4)

where z is the normalization value, and µ and σ denote the mean and standard deviation.

2.3. Shallow Classification Algorithms

In the classification-based machine learning approaches, classification models predict
categorical labels to extract a model which represents the data classes. In our study, shallow
machine learning (SML) classification algorithms are used to predict between machine
failure and fault type labels from the dataset. In the following subtitles, we define the basic
terms about SML algorithms such as DTs, SVMs, and k-NNs.

2.3.1. Decision Trees (DTs)

A DT is a supervised learning algorithm, which is performed for both classification
and regression applications [28]. It is frequently used in machine learning due to its
simple perception compared to other classification methods, lower-cost attributes, ease of
integrating with a database, and high performance of reliability [29]. It is a classification
method, which builds a model in the form of a tree, whose structure consists of decision
nodes and leaf nodes according to classification, feature, and target. The decision tree
algorithm is developed by splitting the dataset into smaller pieces. A decision node may
contain one or more branches and the first node is called the root node. A decision tree can
consist of both categorical and numerical data.

2.3.2. Support Vector Machines (SVMs)

Vapnik [30] created the supervised machine learning algorithm known as SVM, which
is used for classification, regression, and outlier detection. Owing to its robustness and
significant accuracy performance with less computational power, SVM is generally imple-
mented for solving classification objectives. The linear SVM approach involves representing
each input data point as a point in an n-dimensional space, where n corresponds to the
number of input dimensions. The classification operation is performed by identifying a
hyperplane that effectively separates the data into two different classes.
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To provide a brief overview, SVM can be mathematically explained as follows.

f (x) = wTx + b (5)

In the above equation, x indicates the input feature vector of the classifier, w represents
the weight vector of the hyperplane, T is the transpose, and the hyperplane position is
expressed as b.

2.3.3. k-Nearest Neighbors (k-NNs)

k-NNs [31] is widely used in classification due to its simplicity, speed, flexibility in
understanding and implementation, as well as its high performance and simplicity in
the learning process. k-NNs determines the class of a test sample by selecting the most
frequently occurring class among its k nearest neighbors. The performance of the k-NN
algorithm mainly depends on the distance metric used to identify the k adjacent neighbors
of a given point. Let X1 and X2 be represented by feature vectors:

X1 = {x 11, x12, . . . , x1m} (6)

X2 = {x 21, x22, . . . , x2m} (7)

where m is the dimensionality of the feature space. The adjacency can be measured by
distance and the most frequently used one is the Euclidean distance given by:

dist(X1, X2) =

√
m

∑
i=1

(x1i − x2i)
2 (8)

where x1i and x2i are the ith features of X1 and X2, separately.

2.4. Deep Learning/CNN Architectures for Classification

In deep learning (DL), which is one of the most popular approaches in recognition
and classification applications, a model can learn to perform tasks directly from data such
as text, sound, or image with high accuracy achievements [32,33]. In DL models, some
machine learning terms such as network design, number of layers, number of neurons,
the architecture of the neural network, and optimization algorithm have gained more
importance. DL uses multiple layers of nonlinear processing units for feature extraction
and transformation. The most common scenario is that each node receives as inputs the
outputs of every node from the previous layer in the structure [34]. Datasets used in deep
learning can primarily consist of texts, images, audio, videos, or numerical data points. For
instance, the image dataset consists of different features such as per-pixel density values,
edge patterns, and special shapes. Some of these features better represent the original
image data [35].

A convolutional neural network (CNN) is a network architecture for deep learning
that learns directly from two-dimensional image input. As an end-to-end diagnostic
model, it is understood from the literature that it achieves a higher performance at a lower
cost [36]. A one-dimensional CNN (1D-CNN) has a less complex network structure and
lower computational complexity than a two-dimensional CNN (2D-CNN) and accepts
one-dimensional raw data as input directly without any preprocessing.

According to model structures and performance algorithms, one-dimensional LeNet
(1D-LeNet), one-dimensional AlexNet (1D-AlexNet), and one-dimensional VGG16
(1D-VGG16) architectures are the most popular ones in 1D-CNN networks. In compar-
ison to other types of algorithms, 1D-LeNet [37], 1D-AlexNet [38], and 1D-VGG16 [39]
are used in several real engineering areas since they have simple model structures and
fewer configuration parameters. In addition, 1D-LeNet, 1D-AlexNet, and 1D-VGG16
can process information more quickly and are also appropriate for fault classification.
These deep learning architectures also demonstrate good performance for time series data
classification [40,41].
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Due to LeNet, AlexNet, and VGG16 networks having relatively simple structures
and powerful classification capabilities, this paper employs these deep networks for PdM
fault diagnosis. In the next section, these three types of convolutional neural network
structures, called 1D-LeNet, 1D-AlexNet, and 1D-VGG16 classifiers, are presented for
automatic feature extraction and fault identification of the dataset.

2.4.1. 1D-LeNet

The LeNet architecture, one of the convolutional neural networks, was introduced by
Le Cun [37] and continued to be improved until 1998 [42]. LeNet was first proposed for
digit classification, and then it was accepted to achieve promising performance in many
application fields [43].

In this study, in the first instance to carry out PdM fault classification with deep
learning architecture, the 1D-LeNet network is used. 1D-LeNet has two convolutional
1D layers and two average-pooling 1D layers for feature extraction, and then three fully
connected layers for classification as shown in Figure 3.
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2.4.2. 1D-AlexNet

To increase accuracy and lower computing costs, epochal CNN models have been
developed. One of them, AlexNet, was the lead in deep CNN models and made them
popular in research on deep learning after winning the ILSVRC-2012 ImageNet competition.
In this machine learning competition, the classification accuracy rate was increased from
74.3% to 83.6%, making deep learning famous again. It was developed by Alex Krizhevsky,
Ilya Sutskever, and Geoffrey Hinton [38]. Convolutional neural networks are deepened
by using the AlexNet structure, obtaining high accuracy in the training results. In the part
of the study called PdM fault classification with deep learning, a second deep learning
classifier named 1D-AlexNet architecture was used.

The 1D-AlexNet architecture has a similar design and parameters to the 1D-LeNet
previously described. 1D-AlexNet has five convolutional 1D layers and three max-pooling
1D layers for feature extraction then three fully connected layers for classification. It is
composed of eight layers with adjustable parameters as shown in Figure 4.
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Figure 4. The structure of 1D-AlexNet.
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2.4.3. 1D-VGG16

The other convolutional neural network architecture known as VGG16, short for
“Visual Geometry Group 16”, was created by the Visual Geometry Group at the University
of Oxford [39]. The VGG-16 frame was originally designed for image classification tasks.
To build another deep learning architecture for this study, the VGG16 convolutional neural
network is modified for the one-dimensional PdM dataset. 1D-VGG16 mainly contains of a
total of 13 convolutional 1D layers, 5 max-pooling 1D layers, and 3 fully connected layers
as shown in Figure 5.
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Figure 5. The structure of 1D-VGG16.

2.5. Performance Metrics

The success of the classification model is measured by the number of samples assigned
to the correct class and the number of samples assigned to the wrong class. These numbers
are specified in the confusion matrix and represent how much the model is correctly
predicting on the entire set of data. In a two-class example, the confusion matrix [44] is
shown in Table 2.

Table 2. The representation of the confusion matrix.

Predicted Class
Positive Negative

Actual Class
Positive True Positive, TP False Positive, FP

Negative False Negative, FN True Negative, TN

Here, TP (True Positive) denotes the determination of the positive class as a positive
class. FP (False Positive) means the determination of the negative class as a positive class.
TN (True Negative) represents the determination of the negative class as a negative class.
FN (False Negative) refers to the determination of the positive class as a negative class. In
our study, the positive class represents failure and the negative class represents non-failure.

The most popularly used performance metrics (recall, precision, specificity, accuracy,
and F1-score) were used to evaluate fault classifiers in this study. The mathematical
equations for each of these metrics are given in Equations (9) through (13):

Recall (Rec) =
TP

TP + FN
(9)

Precision (Pre) =
TP

TP + FP
(10)
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Speci f icity (Spe) =
TN

TN + FP
(11)

Accuracy (Acc) =
TN + TP

TP + TN + FP + FN
(12)

F1 − score (F1) =
2 × Precision × Recall

Precision + Recall
(13)

In PdM fault classification applications, the performance of a classifier is calculated
by its responses against unseen test input values before anything else. So, the dataset
is separated into k-folds using the k-fold cross-validation (CV) method. When the k−1
portion of dataset is used for training, another is used for testing. This operation is repeated
until all pieces are used for testing [45].

3. Experimental Results

The different fault types considered for this study are MF and four independent failure
modes such as HDF, OSF, PWF, and TWF.

In this study, firstly, the experiments which were conducted with SML such as DTs,
SVMs, and k-NNs were performed using MATLAB2021b. In continuation to our previous
study, training and evaluation processes for DL classification algorithms like 1D-LeNet,
1D-AlexNet, and 1D-VGG16 were performed on a Python-based Google Colaboratory
(Colab) environment utilizing NVIDIA graphics processing units (GPUs), specifically the
NVIDIA-SMI version 535.104.05 with CUDA Version 12.2, and with access to 15GB of RAM.

In the all following experiments, we used 5-fold cross-validation and then 4-fold was
used for training and the remaining 1-fold for testing (80% for training and 20% for testing)
and we obtained the average results for the performance metrics for all fault classification
studies with an imbalanced and balanced dataset with and without feature normalization.

In the Table 3 below, it is shown how the imbalanced and balanced datasets were
generated as the number of rows labeled failure and non-failure for each fault types.
Balanced datasets were generated 100 different times from the imbalanced data, each time
ensuring the inclusion of all faulty data for each fault type, while non-failure data were
randomly sampled to achieve balance each time.

Table 3. The details of datasets used in our experiments.

Fault Types Dataset Type # of Failures # of Non-Failures

MF Imbalanced 330 9643
MF Balanced 330 402

HDF Balanced 115 120
OSF Balanced 98 100
PWF Balanced 95 100
TWF Balanced 46 50

3.1. Performance Metrics for MF Class Using Imbalanced Dataset without Feature Normalization

After the data preprocessing operation, the dataset is imbalanced since it comprises a
total of 9973 rows which include 9643 non-failure and 330 machine-failure-labeled data.
Firstly, the classification studies for the machine failure label were performed on the
imbalanced dataset without any normalization.

Performance results of the classification with the imbalanced dataset without normal-
ization are given separately in Table 4. For all experiments, the classification performance
scores from different types of SML algorithms (DTs, SVMs, and k-NNs) and DL techniques
(1D-LeNet, 1D-AlexNet, and 1D-VGG16) are shown in the tables. The overall accuracy
values are high in both the shallow and deep machine learning algorithms.
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Table 4. Results of SML and DL classifiers for MF fault type with imbalanced and balanced dataset
(without and with normalization).

Model Normalization Data
Balance Rec (%) Pre (%) Spe (%) Acc (%) F1 (%)

DT No Imbalanced 18.79 87.32 99.91 97.22 30.92
SVM No Imbalanced 20.91 88.46 99.91 97.29 33.82
k-NN No Imbalanced 50.00 56.70 98.69 97.08 53.14

1D-LeNet No Imbalanced 6.67 27.50 99.40 96.33 10.73
1D-AlexNet No Imbalanced 8.48 73.68 99.90 96.87 15.22
1D-VGG16 No Imbalanced 8.48 62.22 99.82 96.80 14.93

DT No Balanced 94.24 96.58 97.26 95.90 95.40
SVM No Balanced 98.18 92.84 93.78 95.77 95.43
k-NN No Balanced 93.94 98.73 99.00 96.72 96.27

1D-LeNet No Balanced 22.12 82.02 96.02 62.70 34.84
1D-AlexNet No Balanced 75.15 77.26 81.84 78.83 76.19
1D-VGG16 No Balanced 15.76 74.29 95.52 59.56 26.00

DT Yes Imbalanced 23.64 82.98 99.83 97.31 36.79
SVM Yes Imbalanced 19.39 86.49 99.9 97.23 31.68
k-NN Yes Imbalanced 45.45 57.47 98.85 97.08 50.76

1D-LeNet Yes Imbalanced 40.61 78.82 99.63 97.67 53.60
1D-AlexNet Yes Imbalanced 35.76 87.41 99.82 97.70 50.75
1D-VGG16 Yes Imbalanced 36.97 88.41 99.83 97.75 52.14

DT Yes Balanced 94.55 95.71 96.52 95.63 95.12
SVM Yes Balanced 98.18 94.19 95.02 96.45 96.14
k-NN Yes Balanced 93.64 98.72 99.00 96.58 96.11

1D-LeNet Yes Balanced 97.27 99.38 99.50 98.50 98.32
1D-AlexNet Yes Balanced 96.67 99.07 99.25 98.09 97.85
1D-VGG16 Yes Balanced 97.27 98.17 98.51 97.95 97.72

MF: Machine Failure, SML: Shallow Machine Learning, DL: Deep Learning, DTs: Decision Trees, SVMs: Support
Vector Machines, k-NNs: k-Nearest Neighbors, Rec: recall, Pre: precision, Spe: specificity, Acc: accuracy,
F1: F1-score.

When the classes are imbalanced (e.g., the majority in our dataset are in the non-
failure label), the classification model performance seems good if it is evaluated according
to the accuracy score. In other words, as the bias in the class distributions are high in
imbalanced datasets, accuracy metrics can become unreliable [46,47]. Hence, it would be
more useful to choose the F1-score (also known as F-measure), which is the most popular
metric when evaluating the performance of classification in an imbalanced dataset. F1-score
provides strong/reliable results for the imbalanced dataset and evaluates both the recall and
precision ability of the model. According to the results that are shown in Table 4, the general
F1-score values are below 54% in each shallow and deep learning classification algorithm.

In discussing other metrics, DT and SVM models demonstrate higher recall and
precision compared to the other models, with DTs achieving a recall of 18.79% and precision
of 87.32%, and SVM achieving a recall of 20.91% and precision of 88.46%. On the other
hand, the k-NN model shows significantly higher recall (50%) but lower precision (56.70%)
compared to DTs and SVMs. The 1D-LeNet, 1D-AlexNet, and 1D-VGG16 models, which are
deep learning architectures, display relatively lower recall and precision values compared
to DTs and SVMs. Among these, 1D-AlexNet demonstrates the highest precision at 73.68%,
while 1D-LeNet has the lowest recall at 6.67%. All models show high specificity values.
This is primarily based on the imbalance in the dataset, where the normal class (non-failure)
overbalances the failure class. Therefore, the models tend to accurately identify the normal
class (not fault class), resulting in high specificity scores.

Figure 6 shows the comparison of fault classification performance metrics for SML
and DL models on an imbalanced dataset without normalization.
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Figure 6. Performance metrics comparison for different models on imbalanced dataset without
feature normalization.

3.2. Performance Metrics for MF Class Using Balanced Dataset without Feature Normalization

In order to examine the classification performance for a balanced dataset for the
machine failure label, we generated a balanced dataset which consisted of 330 rows of
machine failure data and 402 rows that were randomly selected from non-failure labeled
data in the dataset with 100 different repetitions. In addition to classical machine learn-
ing methods such as DTs, SVMs, and k-NNs, three types of deep learning architectures
including 1D-LeNet, 1D-AlexNet, and 1D-VGG16 were utilized with 100 different balanced
datasets and the maximum classification performance scores are displayed in the Table 4.
The classification studies for the MF label were repeated on the balanced dataset without
feature normalization.

The performance results of classification with a balanced dataset, without normal-
ization, for both SML and DL models, were separately added to the existing Table 4. The
performance metric values, especially recall, precision, and F1-score, are better, with higher
results in both shallow and deep machine learning algorithms when compared to the
results obtained in the previous section. It can be clearly said that improvement in these
classification performance metrics for shallow machine learning algorithms is better than
for deep learning architectures.

Figure 7 shows the comparison of fault classification performance metrics for SML
and DL models on a balanced dataset without normalization.
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3.3. Performance Metrics for MF Class Using Imbalanced and Balanced Dataset with
Feature Normalization

The normalization operation, which is one of the preprocessing techniques, was
applied to ensure that all the features included in the imbalanced and balanced datasets
had an equal impact on the proposed classification models.

First of all, for the machine failure label, min/max normalization and z-score nor-
malization were performed on the features found in the imbalanced dataset and then the
shallow and deep learning classification algorithms were applied on the new normalized
dataset, separately. Performance metrics were calculated individually for min/max and
z-score normalization. The maximum performance values of these two normalization
results were added to the existing Table 4 to prevent confusion caused by an overflow of
data. When analyzing the performances of the SML models, it is evident that both DT and
SVM models possess higher recall and precision compared to others. Specifically, the DT
model achieves a recall rate of 23.64% and a precision rate of 82.98%, while the SVM model
attains a recall rate of 19.39% and a precision rate of 86.49%. Conversely, the k-NN model
shows a higher recall rate of 45.45% but a lower precision rate of 57.47% when compared to
DTs and SVMs. In terms of deep learning architectures, such as 1D-LeNet, 1D-AlexNet,
and 1D-VGG16, they generally display relatively similar performance metrics compared
to SVM models in the imbalanced dataset with feature normalization. For instance, both
1D-AlexNet and 1D-VGG16 demonstrate higher accuracy and F1-score rates at 97.70% and
50.75%, and 97.75% and 52.14%, respectively, than the SML models.

Secondly, for the MF label, the balanced dataset was generated according to Table 3.
The same approach as the previous study was performed again on the balanced dataset
and performance results are given separately in Table 4. After the normalization process,
performance metrics in Table 4 show improvement for most of the SML algorithms and
all DL architectures compared to the studies conducted in the first two sections of the
experimental results. For instance, DT achieves a recall rate of 94.55% and a precision rate
of 95.71% after normalization and balancing of the dataset. Similarly, SVM demonstrates a
recall rate of 98.18% and a precision rate of 94.19%. Even the k-NN model, which already
showed high performance, sees further improvement with a recall rate of 93.64% and a
precision rate of 98.72%. Moreover, as can be seen from Table 4, the highest classification
performance values were obtained in DL classification algorithms such as 1D-LeNet, 1D-
AlexNet, and 1D-VGG16 using a balanced dataset with feature normalization. These models
achieved remarkable recall rates of 97.27%, 96.67%, and 97.27%, respectively. Additionally,
they demonstrated the highest precision rates of 99.38%, 99.07%, and 98.17%, highlighting
their capacity to accurately classify fault predictions. These high recall and precision rates
contributed to increased F1-scores of 98.32%, 97.85%, and 97.72%, reflecting the overall
effectiveness of DL models in achieving a balance between precision and recall. Bar graphs
which were prepared to visually demonstrate the performance improvement are given
below. Figures 8 and 9 compare fault classification performance metrics for both SML and
DL models on imbalanced and balanced datasets, each with normalization.

3.4. Performance Metrics for Fault Type Classification Using Balanced Dataset without and with
Feature Normalization

In this part of the study, balanced dataset groups were generated for each fault type
such as HDF, OSF, PWF, and TWF with 100 different repetitions according to Table 3.
In each repetition, all failure data for each fault type and randomly selected different
non-failure data are utilized in the dataset. At the conclusion of these repetitions, the
maximum classification performance scores among the SML and DL classifier models were
obtained for different fault types and are displayed in Table 5. The deep learning classifier
models, 1D-LeNet, 1D-AlexNet, and 1D-VGG16, used for each fault type had the same
structure and number of layers, neurons, and the same sizes in the fault classification
experiments. Training and performance evaluation were performed by applying k-fold
cross-validation and each model was trained and validated with k equal to five. SML
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and DL classification algorithms were separately investigated on a min/max-normalized
and z-score-normalized dataset. While preparing the Table 5, the maximum performance
results from two normalizations were utilized, min/max and z-score, to avoid confusion
stemming from appearing data.
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Table 5 contains the results of experiments conducted with a balanced dataset without
normalization for each fault type (HDF, OSF, PWF, and TWF), indicating that shallow
classification methods achieve high values in critical performance metrics such as precision,
specificity, and F1-score. In addition, as can be seen from Table 5, the one-dimensional
DL models achieved higher classification performance values compared to the shallow
classification models when trained on a balanced dataset with feature normalization for
each fault type (HDF, OSF, PWF, and TWF). Additionally, the results demonstrate that
the 1D-LeNet model achieved the highest classification performance values among all
the models when trained on a balanced dataset with feature normalization for each type
of fault.
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Table 5. Results of SML and DL classifiers for different fault types using balanced dataset (without
and with normalization).

Model Fault Type Normalization Rec (%) Pre (%) Spe (%) Acc (%) F1 (%)

DT HDF No 98.26 96.58 96.67 97.45 97.41
SVM HDF No 74.78 96.63 97.50 86.38 84.31
k-NN HDF No 98.26 88.28 87.50 92.77 93.00

1D-LeNet HDF No 100 77.70 72.50 85.96 87.45
1D-AlexNet HDF No 100 86.47 85.00 92.34 92.74
1D-VGG16 HDF No 37.39 45.74 57.50 47.66 41.15

DT HDF Yes 98.26 97.41 97.50 97.87 97.84
SVM HDF Yes 80.87 74.40 73.33 77.02 77.50
k-NN HDF Yes 87.83 82.11 81.67 84.68 84.87

1D-LeNet HDF Yes 100 95.83 95.83 97.87 97.87
1D-AlexNet HDF Yes 99.13 95.80 95.83 97.45 97.44
1D-VGG16 HDF Yes 100 95.04 95.00 97.45 97.46

DT OSF No 97.96 94.12 94.00 95.96 96.00
SVM OSF No 90.82 97.80 98.00 94.44 94.18
k-NN OSF No 97.96 97.96 98.00 97.98 97.96

1D-LeNet OSF No 100 95.15 95.00 97.47 97.51
1D-AlexNet OSF No 81.63 81.63 82.00 81.82 81.63
1D-VGG16 OSF No 35.71 44.30 56.00 45.96 39.55

DT OSF Yes 97.96 96.00 96.00 96.97 96.97
SVM OSF Yes 93.88 95.83 96.00 94.95 94.85
k-NN OSF Yes 97.96 97.96 98.00 97.98 97.96

1D-LeNet OSF Yes 98.98 97.98 98.00 98.48 98.48
1D-AlexNet OSF Yes 95.92 96.91 97.00 96.46 96.41
1D-VGG16 OSF Yes 97.96 97.96 98.00 97.98 97.96

DT PWF No 96.84 94.85 95.00 95.90 95.83
SVM PWF No 87.37 86.46 87.00 87.18 86.91
k-NN PWF No 91.58 91.58 92.00 91.79 91.58

1D-LeNet PWF No 73.68 87.50 90.00 82.05 80.00
1D-AlexNet PWF No 90.53 93.48 94.00 92.31 91.98
1D-VGG16 PWF No 16.84 41.03 77.00 47.69 23.88

DT PWF Yes 98.95 94.95 95.00 96.92 96.91
SVM PWF Yes 96.84 90.20 90.00 93.33 93.40
k-NN PWF Yes 89.47 91.40 92.00 90.77 90.43

1D-LeNet PWF Yes 100 95.00 95.00 97.44 97.44
1D-AlexNet PWF Yes 97.89 94.90 95.00 96.41 96.37
1D-VGG16 PWF Yes 97.89 94.90 95.00 96.41 96.37

DT TWF No 93.48 95.56 96.00 94.79 94.51
SVM TWF No 47.83 88.00 94.00 71.88 61.97
k-NN TWF No 80.43 77.08 78.00 79.17 78.72

1D-LeNet TWF No 54.35 73.53 82.00 68.75 62.50
1D-AlexNet TWF No 93.48 84.31 84.00 88.54 88.66
1D-VGG16 TWF No 17.39 40.00 76.00 47.92 24.24

DT TWF Yes 97.83 95.74 96.00 96.88 96.77
SVM TWF Yes 56.52 89.66 94.00 76.04 69.33
k-NN TWF Yes 82.61 82.61 84.00 83.33 82.61

1D-LeNet TWF Yes 97.83 95.74 96.00 96.88 96.77
1D-AlexNet TWF Yes 100 90.20 90.00 94.79 94.85
1D-VGG16 TWF Yes 97.83 93.75 94.00 95.83 95.74

SML: Shallow Machine Learning, DL: Deep Learning, DTs: Decision Trees, SVMs: Support Vector Machines,
k-NNs: k-Nearest Neighbors, HDF: Heat Dissipation Failure, OSF: Overstrain Failure, PWF: Power Failure,
TWF: Tool Wear Failure, Rec: recall, Pre: precision, Spe: specificity, Acc: accuracy, F1: F1-score.
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4. Discussion

In the literature, many studies about fault diagnosis have been carried out with shallow
classification methods. Some of these studies, which use the same dataset reflecting real
PdM data [24], are presented in Table 6, along with their classification methodology, dataset
type, fault type, and performance metrics.

Matzka [23] implemented an explainable model with an interface for PdM applications.
A confusion matrix was generated from the results of the binary classification for the
machine failure label conducted with the bagged trees ensemble classifier by applying the
5-fold cross-validation method. The accuracy and F1-score of the study were calculated
as 98.34% and 77.98%, respectively. In the study, an original imbalanced dataset was used
without any data preprocessing operation and without feature normalization.

The data-blind machine learning (ML) framework presented in paper [48] achieved
97.30% accuracy on the imbalanced original dataset, focusing only on the machine failure
class, and used a data-blind ML algorithm without any data preprocessing, a departure
from our approach outlined in this study.

Random undersampling boosting (RusBoost), GradientBoost (GB), Extreme gradient
boosting (XGBoost), and Categorical Boosting (CatBoost) are boosting methods which
struggle with imbalance. In studies in the literature, these models have been applied to
the same dataset. Four papers using these algorithms reached 92.74% accuracy, 45.90%
F1-score [49], 94.55% accuracy, 49% F1-score [50], 95.74% accuracy [51] and 88.83% accu-
racy [52] scores, respectively. When we compared our study with these boosting techniques,
our method was found to outperform these models. For example, our paper (98.50% accu-
racy) demonstrated its superiority on the same predictive maintenance dataset.

In one of the other studies in the literature, the authors present a machine learning
-based approach for industrial machine failure and they achieve the highest performance
by using the DT classification method among the non-deep learning algorithms [53]. The
selected machine learning method (DT) reached max. 77.66% F1-score values in paper. In
addition to these methods, hybrid studies have used unsupervised and supervised machine
learning (HUS-ML) classification algorithms. From these studies, the authors achieved the
highest accuracy of 98.46% and F1-score of 78.80% [54]. Our study, including both SML and
DL classification algorithms alongside data preprocessing, provides a more comprehensive
analysis of not only machine failure class but also all other fault types in the dataset.

Another basic approach in fault classification involves the studies using a Random
Forest (RF) model, which is one of the ensemble learning techniques [55]. The authors
achieved 98.40% accuracy in their results with a dataset which was divided into two parts,
such as 80% train and 20% test, without cross-validation. However, in this particular
study, only shallow machine learning approaches were employed, with no cross-validation
conducted. In contrast, we implemented a 5-fold cross-validation approach.

In another study in the literature [56], an approach for a mathematics-based data
quality assessment of the synthetic industrial dataset [24] was proposed. They suggested
a form of mathematical modeling, which is called a binary logistic regression (BLR), to
be carried out for data quality evaluation verification and to solve binary classification
problems. The researchers obtained the classification results as follows: accuracy was
97.10% and F1-score was 44.07%. The study was conducted with an imbalanced dataset
using only machine failure class without normalization and data preprocessing.

In other studies which were implemented on the same dataset, researchers reached
good performance metrics of classifiers for the prediction of machine failures with state-
of-the-art methods, e.g., Density-Based Spatial Clustering of Applications with Noise
(DBSCAN) and Clustering by Fast Search and Find of Density Peaks (CFSFDP—63%
F1-score) [57], Evolving Fuzzy Neural Classifier with Expert rules (EFNCExp—97.30%
accuracy) [58] and a Data Filling Approach based on Probability Analysis in Incomplete
Soft sets (DFPAIS—83.74% accuracy) [59]. The results were directly sourced from related
papers in which the authors used the same PdM dataset [24] as that used in our current
study. However, unlike our study, these studies do not include data preprocessing and
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cleaning operations. Furthermore, our study encompasses all fault types in the original
PdM dataset, enabling a performance comparison of the effects of data balancing using DL
and SML.

Our study was carried out by using SML and DL classification algorithms on both
an imbalanced and balanced dataset after data preprocessing operations on an original
PdM dataset. In the classification performance results on the imbalanced dataset for
the failure and non-failure labels, high accuracy was observed alongside relatively low
F1-score values across all scores, with SML algorithms notably outperforming DL. Due
to achieving higher performance on the F1-score, we employed a generation operation
that involved creating 100 different balanced datasets. In each repetition, non-failure
data were randomly selected to ensure a balanced representation. Subsequently, fault
classification was conducted on each dataset, with the maximum results recorded from
these iterations. Since the ranges of features are very different in the used dataset, feature
normalization methods such as min–max normalization and z-score normalization were
applied. It was observed that feature normalization moderately increased the performance
of the classification performance metrics in SML and especially DL classification meth-
ods. In this paper, considering the machine learning-based approaches, it can be said that
classification performance results obtained from balanced datasets have higher overall per-
formance values than imbalanced ones. To summarize, it is seen from Table 6 that 1D-LeNet,
1D-AlexNet, and 1D-VGG16 algorithms from DL classifiers reached better performance
results compared to SML approaches such as DTs, SVMs, and k-NNs in this study.

Figure 10 shows the confusion matrices for PdM fault classification using SML and
DL models, illustrating the highest classification performance achieved by each model.
Additionally, Figure 11 presents the ROC curves and AUC values for SML and DL models,
demonstrating the highest classification performance achieved by each model. In future
studies, we will apply data augmentation techniques to the original PdM dataset. In
addition to binary classification, multi-class classification will be conducted to classify
different fault types present in the original PdM dataset, and their performance will be
examined. Also, in future studies, one-dimensional predictive maintenance data will be
transformed into two-dimensional images and fault classification will be performed on
these images using different deep learning algorithms.

Table 6. Performance comparison using classification algorithms with same dataset.

Literature Classification Algorithm Dataset Type Fault Class Performance Metrics (%)

Matzka [23] Bagged Trees Imbalanced MF Acc = 98.34 F1 = 77.98

Pastorino and Biswas [48] Data-Blind Machine Learning Imbalanced MF Acc = 97.30 F1 = -

Torcianti and Matzka [49] Random Undersampling Boosting
Trees Imbalanced MF Acc = 92.74 F1 = 45.90

Diao et al. [57]
Density-Based Spatial Clustering of

Applications with NoiseClustering by
Fast Search and Find of Density Peaks

Imbalanced MF Acc = - F1 = 63.00

Mota et al. [50] Gradient Boosting Imbalanced MF Acc = 94.55 F1 = 49.00

Vuttipittayamongkol and
Arreeras [53] Decision Tree Imbalanced MF Acc = - F1 = 77.66

de Campos Souza and Lughofer
[58]

Evolving Fuzzy Neural Classifier with
Expert rules Imbalanced MF Acc = 97.30 F1 = -

Sharma et al. [55] Random Forest Imbalanced MF Acc = 98.40 F1 = -

Iantovics and Enăchescu [56] Binary Logistic Regression Imbalanced MF Acc = 97.10 F1 = 44.07

Vandereycken and Voorhaar [51] Extreme Gradient Boosting Imbalanced MF Acc = 95.74 F1 = -

Chen et al. [52]

Combination of Synthetic minority
oversampling technique for nominal
and continuous, Conditional tabular
generative adversarial network and

Categorical Boosting

Imbalanced MF Acc = 88.83 F1 = -
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Table 6. Cont.

Literature Classification Algorithm Dataset Type Fault Class Performance Metrics (%)

Harichandran et al. [54] Hybrid Unsupervised and Supervised
Machine Learning Imbalanced MF Acc = 98.46 F1 = 78.80

Kong et al. [59]
A Data Filling Approach based on
Probability Analysis in Incomplete

Soft sets
Imbalanced MF Acc = 83.74 F1 = -

In this study

Decision Trees Imbalanced MF Acc = 97.31 F1 = 36.79
Support Vector Machines Imbalanced MF Acc = 97.29 F1 = 33.82

k-Nearest Neighbors Imbalanced MF Acc = 97.08 F1 = 53.14
1D-LeNet Balanced MF Acc = 98.50 F1 = 98.32

1D-AlexNet Balanced MF Acc = 98.09 F1 = 97.85
1D-VGG16 Balanced MF Acc = 97.95 F1 = 97.72

MF: machine failure, Acc: accuracy, and F1: F1-score.
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5. Conclusions

In this study, we examined the machine learning techniques for detecting and classify-
ing the failures in a dataset which structurally reflects real predictive maintenance sensor
data commonly encountered in industry. DL architectures such as LeNet, AlexNet, and
VGG16 models in their one-dimensional versions achieved much better classification perfor-
mances than SML methods on balanced datasets. Additionally, we generated 100 different
balanced datasets from the imbalanced dataset. Separate simulations were conducted
for each dataset, and the maximum performance results are presented in the tables. The
classification methods proposed in the study reached successful high performance values,
even though different dataset groups and fault types from the original PdM dataset were
used in comparison to other studies in the literature. From the experimental results and
discussion, it can be surely said that when data balance is achieved, using 1D-LeNet deep
learning classifiers and feature normalization processes enhances the capability of recogniz-
ing and categorizing the faults with a highest accuracy and F1-score of 98.50% and 98.32%,
respectively. Especially, the F1-score demonstrates a 20% improvement compared to the
highest F1-score from studies in the literature. When considering all the results obtained in
the study collectively, one-dimensional deep learning classification methods on a balanced
dataset with normalized features can be recommended for the practical applications of
fault classification in the PdM studies.
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