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Abstract

Nowadays, the rapidly changing of manufacturing environment has pushed companies to achieve more customer
satisfaction by enhancing product quality, reducing production cost, and realizing sustainability. Anomaly detection
has a strong influence on the quality of products and it is usually conducted through visual quality inspection. The
visual quality inspection of a product can be performed either manually or automatically. The manual inspection
suffers from being a monotonous task, leading to overlooked errors and subjective assessments. Accordingly, the
manufacturing industry has high ambitions to rely upon automated quality inspection systems to cope with the
requirements of smart manufacturing and the emergence of industry 4.0. Efficient utilization of big data can enable
the development of intelligent quality inspection systems. Machine learning as one of the prevailing data analytics
methods is widely used to support and improve the performance of the automated quality inspection systems. This
research compares the performance of Recurrent Neural Networks (RNN) like Multilayer Perceptron (MLP) with the
traditional machine learning algorithms (TMLA) for anomalies detection in manufacturing such as Decision Trees,
Random Forest (RF), k-Nearest-Neighbor (KNN), Support Vector Machine (SVM), Naive Bayes, and Logistic
Regression (LR). A data set for faults is adapted from the literature to fairly compare the performance of these
algorithms considering different accuracy measures such as accuracy, precision, sensitivity, and F1-score.
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1. Introduction

One of the most vital day-to-day practices in industry is anomaly detection. There are two major types of anomaly
detection, manually and automatically inspection. Basically, manual inspection is a repetitive task that easily leads to
missed mistakes and self-assessments. This is particularly challenging in cases where defects occur infrequently.
Furthermore, since manual marking of defects is extremely time-consuming, anomaly detection in manufacturing
systems has gained popularity among researchers and industry staff. This has motivated the researchers to develop
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efficient automated anomaly detection systems to overcome the issues associated with the manual inspection
(Haselmann, Gruber and Tabatabai, 2019). To enhance product quality, reduce cost, and get more sustainability,
anomalies must be detected and causes of those anomalies must be eliminated or minimized. Visual product quality
inspection can be related to the field of anomaly detection, which is defined as the detection of patterns that deviate
from expected behavior. Furthermore, anomaly detection aids in the tracking of standard daily exercise profiles for
any device or system. In such situations, defects visual inspection for fabricated components, either automatically or
manually, is a standard procedure. The accurate identification of unusual events provides the decision maker with the
opportunity to follow up on the framework in order to effectively avoid, correct, or react to the circumstances
associated with them. In either case, the complexity of industry processes and the exponential growth of data makes
detecting manufacturing system anomalies difficult. As a result, the industry has high hopes for smart manufacturing,
which automates every form of surface inspection.

Smart manufacturing is a modern manufacturing worldview in which manufacturing tools and machines are network
connected, sensors monitored, and controlled by advanced computational intelligence. Smart manufacturing aims to
improve quality of products, productivity and sustainability. Statistics demonstrated that 82% of the organizations
utilizing smart manufacturing techniques have encountered expanded proficiency, and 45% of the organizations
experienced expanded consumer loyalty (Wang et al., 2018). As smart manufacturing frameworks complex nature
increased, exponential growth of data has been found in manufacturing. The effective use of big data would give
knowledge to achieve improvement in anomalies detection. Machine learning, as one of the predominant data analytics
strategies, has been generally used to devise complex models and algorithms that loan themselves to get knowledge
from data in this particular field (Liu ef al., 2019).

This paper presents a comparative study of traditional machine learning algorithms (TMLA) for anomalies detection
in manufacturing with Neural Deep Learning. In particular, this research compares the performance of Recurrent
Neural Networks (RNN) like Multilayer Perceptron (MLP) with the traditional machine learning algorithms (TMLA)
for anomalies detection in manufacturing such as Decision Trees, Random Forest (RF), k-Nearest-Neighbor (KNN),
Support Vector Machine (SVM), Naive Bayes, and Logistic Regression (LR). The comparisons have been carried out
using the Semeion data set as a training set to compare the performance of the various machine learning and Deep
learning techniques in terms of accuracy and precision (Tian, Fu and Wu, 2015). The results obtained are very
promising and can be beneficial for anomalies detection and quality improvement in smart manufacturing. Thus,
supervised machine learning techniques will be very supportive in early diagnosis and prognosis of manufacturing
anomalies detection. This research encourages production managers to utilize the ML to automate and improve fault
detection instead of monotonous manual inspection. Also, ML techniques are powerful tools in manufacturing
processes that can be utilized to gain beneficial insights into the behavior of manufacturing systems, improving the
quality of decisions.

The paper is structured as follows: the related work is summarized in Section 2. The research methodology including
the different ML algorithms to compare is presented in Section 3. The implementation and results analysis are provided
in Section 4. The conclusions and future work are given in Section 5.

2. Related Work

Many hypothetical and observational works have demonstrated that machine learning methods, including the
utilization of data mining, recognition of patterns, and artificial neural networks, are promising for various
manufacturing applications (Shaban and Shalaby, 2010; Koksal, Batmaz and Testik, 2011; Shaban and Shalaby, 2012;
Wen et al., 2012; Kateris et al., 2014; Buczak and Guven, 2016; Quatrini ef al., 2020b). Nonetheless, the application
of ML in industry is dependent on internet of things technology, and industrial big data stay rare. Thusly, more
endeavors are expected to encourage the relevant system, techniques and applications (Min ef al., 2019).

Past research has shown that ML and big data are as a rule progressively used in a variety of industry areas. Hybrid
artificial intelligence and ML approaches multi-strategy were presented for managing multifaceted nature, and
changes and vulnerabilities in industry (Monostori, 2003). Examples are the application of ML into condition based
monitoring (Quatrini et al., 2020a), quality inspection (Kang, Catal and Tekinerdogan, 2020), safety management
(Akel et al., 2021), and several industrial applications (Bertolini et al., 2021). Machine learning techniques and data
mining were proposed in metal industry application (Pham et al., 2004). ML algorithms were adopted and validated
for plastic molding industry quality control through a real case application (Tellaeche and Arana, 2013). The huge
number of crude data gathered from physical manufacturing destinations or created in different information systems
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causes overwhelming information, over-burden issues and majority of traditional techniques for data mining are not
yet ready to process large data for management smart production (Cheng et al., 2018), the role of enormous data in
supporting smart manufacturing by providing an overview of the historical perspective on the data lifecycle in
manufacturing (Min et al., 2019).

ML algorithms are applied to fathom various Data Mining errands. For classification errands, the most adequate
algorithms are KNN, Naive Bayes, and Support Vector Machine (Kotenko, Saenko and Branitskiy, 2019). Deep
learning gives successful methods that can learn features consequently at various abstraction levels, permitting
learning complex contribution to-yield works legitimately from data, without relying upon feature extractors, which
can be of incredible advantage for modern industrial applications. For the most part, ANN, SVM and DL strategies
will in general perform better when managing multi-dimensions and persistent features; while Naive Bayes and KNN
will in general perform better when managing discrete features. On the other hand, Naive Bayes and KNN are on the
whole reasonable with clear physical significance, while SVM, ANN and deep learning techniques have poor
interpretability (Liu ef al., 2018).

Contingent upon the application, the performances of different algorithms are not quite the same. Firstly, K-NN is
easy to implement and can be used for both classification and regression tasks but needs large computation, lots of
storage space and the selection of K influence right arrow too match (Liu ez al., 2018). Secondly, Naive Bayes requires
little storage, good physical ability and robust to missing values but it needs prior probability, prior assumptions and
may has combinatorial explosion and computation problem (Liu ef al., 2018). Thirdly, SVM has high classification
accuracy and can deal with high dimensional features but it has low efficiency for big data and with no physical
significance. On the other hand, deep learning needn't bother with the feature extractor because it learns features and
perceiving deficiency consequently, take in progressively complexlstructure from data. Because of the deep
architecture, deep learning doesn’t need to extract feature because features are learnt and faults are recognized
automatically, and for the deep architecture, it learns from data complex structures. But it has some limitations as it
needs large samples, long training time, and without physical meaning (Liu ef al., 2018). Throughout the current
research status in the field of imagery, deep learning leads almost all frontier development directions, but there are
still some other limitations. For example, deep learning can be compared with TMLA under the support of computing
resources and data volume; this comparison will show excellent effects (Chen et al., 2019).

Feature based methods have been used for many years in the field of industrial inspection and recognition. Iglesias et
(2018) extracted 71 features from 3D and color 2D data to indicate the quality of slate slab, e.g., surface uniformity,
material defects and warping. Zeng et al. (2016) proposed a man-made clear visual feature based on strobe light to
highlight the edges between the seam and metal on weld; then the accurate seam edges can be computed by threshold
and edge extraction. Fortunately, as more and more factories focus on the accumulation of defective product data, this
issue can be mitigated. Moreover, many viable solutions have been found in literature, including data generation and
augmentation, transfer learning, unsupervised learning and semi-supervised learning. There may be problems if the
local images are directly fed to a neural network, mainly unnecessary computation brought by background content
and noise interference. In addition, training and applying a satisfactory neural network are typically computational
expensive (Wang et al., 2018).

Most of the learning-based inspection techniques are trained with the entire training data which may not be available
before the task. Moreover, after the learning model has been built, the newly observed defective samples are hard to
utilize. Online machine learning allows model updating and optimization at each identification step, which makes it a
promising method for handling manufacturing data stream (Wang et al., 2018). The literature indicates that there is a
need to compare the widely available machine-learning methods for anomaly detection in different manufacturing
environments and applications.

3. Methodology
3.1 Machine Learning Algorithms

Machine learning (ML) can be defined as a subset of Artificial Intelligence (Al) that provides the ability to model
systems based on a data set used for the purpose of training in contrast to the typical approach of coding all possible
outcomes beforehand. The main machine learning objective is to permit a system to gain information from an earlier
time or present and utilize the information to settle on expectations or choices to address future events. Multiple
approaches and techniques are present to make systems that can learn. Some of them are decision trees, SVM, KNN,
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Naive Bayes, logistic regression, and MLP artificial neural network. A brief note on those techniques is presented in
this section.

3.1.1 Decision Tree

A decision tree is a recursive split of the instance space that is used to classify data (Safavian and Landgrebe, 1991).
The decision tree is made up of nodes that create a rooted tree, which is a directed tree with no incoming edges and a
node named "root.", each of the other nodes has one incoming edge. An internal or test node is a node with outgoing
edges. All additional nodes are referred to as leaves (also known as terminal or decision nodes), each internal node in
a decision tree divides the instance space into two or more sub-spaces based on a discrete function of the input attribute
values, each leaf is given a class to symbolize it. Instances are identified by travelling them from the tree's root to a
leaf and classifying them based on the results of the tests along the way. As such, a decision tree is a tree in which
each branch node represents a choice between a number of alternatives, and each leaf node represents a classification
or decision as shown in Figure 1.

Class A| (Class B Class A| |Class B
Figure 1. How Decision Tree Works

3.1.2 Random Forest (RF)

A random forest (RF) is an ensemble classifier made up of numerous DTs, much like a forest is made up of many
trees as depicted in Figure 2 (Uddin et al., 2019). Over fitting of the training data is common deep with DTs, resulting
in a large variance in classification results for a minor change in the input data. They are extremely sensitive to their
training data, making them prone to making mistakes with the test dataset. Different sections of the training dataset
are used to train the different DTs of RF. To categorize a new sample, the sample's input vector must be passed down
with each DT of the forest. The classification conclusion is subsequently determined by each DT considering a
separate section of the input vector. The forest then decides whether the classification with the most "votes" (for
discrete classification outcome) or the average of all trees in the forest should be used (for numeric classification
outcome). Because the RF algorithm takes into account the results of several different DTs, it can reduce the variance
caused by only considering one DT for the same dataset. Figure 2 shows an illustration of the RF algorithm (Uddin et
al., 2019).

Dataset

Random subset Random subset Random subset

Class B)[Class Al [Class B Class B)(Class Al [Class B Class B)(Class Al (Class B

Figure 2. How RF Works
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3.1.3 K-Nearest Neighbor (KNN)

One of the simplest and earliest classification techniques is the K-nearest neighbour (KNN) algorithm (Sharma, Aggarwal and
Choudhury, 2018). The KNN algorithm does not need to take probability values into account. The number of nearest neighbours
in the KNN algorithm represented by the ‘K’ is considered to take a ‘vote’. Changing the value of ‘K' can result in various
classification results for the same sample object. Figure 3 depicts the KNN's classification process for a new object. When K= 3,
the new object (star) is classed as ‘blue,’ but when K= 6, it is labelled as ‘red.’
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Figure 3. Illustration KNN algorithm

3.1.4 Naive Bayes

Naive Bayes Classifiers are probabilistic in nature and are defined by applying the Bayes theorem to them (Liu et al.,
2018). It is naive because it believes that all features are independent of one another, which is rarely the case in real-
world situation. Naive Bayes has proven to be effective for a wide range of machine learning tasks.

3.1.5 Support Vector Machine (SVM)

SVM algorithm can classify both linear and non-linear data, each data item is initially mapped onto an n-dimensional
feature space, where n is the number of features (Liu et al., 2018). The hyper plane that splits the data items into two
groups is then identified. With the marginal distance for both classes maximized and classification errors minimized,
the marginal distance between the decision hyper plane and the class's nearest instance is the distance between the
decision hyper plane and the class's nearest instance. Each data point is initially plotted as a point in an n-dimensional
space (where n is the number of features), with the value of each feature being the value of a given coordinate. To
complete the classification, the hyper plane that separates the two classes by the greatest margin must be located. A
basic SVM classifier is seen in Figure 4.
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Figure 4. How SVM Works

3.1.6 Logistic Regression (LR)

When the value of the target variable is categorical in nature, LR is utilized as a classification procedure (Penumuru,
Muthuswamy and Karumbu, 2020). Also, LR is utilized when the data in question has binary output, such as when it
belongs to one of two classes or is either a 0 or a 1. This approach is utilized to develop a trained model for predicting
with a ridge estimator. It is easy to implement and straightforward, does not require any assumptions regarding the
distribution of independent variable (s). LR-based models can be updated easily, and it has a nice probabilistic
interpretation of model parameters, but If the target variables are discrete, logistic regression should not be employed.
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3.1.7 MULTI LAYER PERCEPTRON (MLP)

MLP stands for multilayered nonlinear neural network, it has numerous layers, including an input layer, one or more
hidden layers, and an output layer as shown in Figure 5 (Liu et al., 2018). Each neuron in the hidden layer has a
nonlinear activation function, such as sigmoid or tan sigmoid; each neuron is defined by its activation function and is
connected to all neurons in the next layer. Each connection is defined by its weight factor or synaptic weight. Figure
5 illustrates a typical configuration of a multilayer perceptron-based neural network. L is the structure's number of
layers, the input layer is on the top, and the output layer is on the bottom, from the second to the (L-1)" layer, there
are concealed layers. As can be seen, the network is completely interconnected, allowing each layer's neuron to
communicate with each layer's neuron, this allows for forward transmission of data from the input layer to the output
layer via the hidden layers.

Xl
R
Layer 1 Layer 2 Layer =1 Laver L
(Tnput) (Hidden Layery (Hidden Layer) {(Cutput)

Figure 5. A Typical MLP- NN Configuration

For some tasks, it's hard to specify what features should be extracted to provide the artificial intelligence algorithms;
in deep learning strategies can defeat the previously mentioned insufficiencies. Deep Learning (DL) is an on-going
pattern of machine learning that has surfaced as a strategy for detection of patterns from complex process, by raw
signals as input data. Deep learning gives a viable method to learn consequently at various degrees of abstraction,
permitting learning complex contribution to-yield directly works from data, without relying upon feature extractors,
which is an incredible advantage for anomalies recognition in various industries. The low-level cost of enormous data
sets stockpiling and high computational performance has driven the rise of deep learning.

3.2 Data Set Description

This research compares different machine learning algorithms based on a dataset taken from the literature. The data
set relates to Steel plate faults, by Semeion, Research of Sciences of Communication. In this dataset, a superficial fault
of a stainless-steel leaf represented by 7 faults as shown in Table 1. Each fault is characterized by 27 attributes and
features representing the geometric shape and contour of each fault (see Table 2).

Table 1. Faults types and its sample sizes (Tian, Fu and Wu, 2015)

Fault Number Faults type Sample size

| Pastry 158
2 Z scratch 190
3 K scratch 391
4 Stains 72

5 Dirtiness 55

6 Bumps 402
7 Other Faults 673
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Table 2. Steel plates independent attributes (Tian, Fu and Wu, 2015)

Number. Attribute. Number. Attribute.
1 X minimum 15 Edges Index
2 X maximum 16 Empty Index
3 Y minimum 17 Square Index
4 Y maximum 18 Outside X Index
5 Pixels Areas 19 Edges X Index
6 X perimeter 20 Edges Y Index
7 Y perimeter 21 Outside Global index
8 Sum of Luminosity 22 Log of Areas
9 Minimum of Luminosity 23 Log X Index
10 Maximum of Luminosity 24 Log Y Index
11 Length of Conveyer 25 Orientation Index
12 TypeofSteel A300 26 Luminosity Index
13 TypeofSteel A400 27 Sigmoid of Areas
14 Steel Plate Thickness

3.3 Performance Metrics
The performance measures used for comparing and evaluating the performance of machine learning techniques
include: accuracy, sensitivity, precision and F1 Score, that can be defined as follows:
e  Accuracy measure of the correct prediction in correspondence to the wrong ones.
e Recall (Sensitivity) measure the system's effectiveness in predicting positives and determining costs.
e  Precision measure the degree of correctness in determining the positive outcomes that may be defined as
precision. It is the ratio between true positives and the overall set of positives.
e F1 Score is the weighted average of Precision and Sensitivity. This measure hence, considers both types of false
values. F1 score is considered perfect when at 1 and is a total failure when at 0.
These metrics can be represented mathematically as follows (Sharma, Aggarwal and Choudhury, 2018):
e Accuracy (%)=(TP+TN)/(TP+TN+FP+FN).
Sensitivity (%)=TP /(T P+F N).
Precision (%) = TP / (TP + FP).
F1 Score (%) = (2*(Precision*Sensitivity)) / (Precision +Sensitivity).

where TN, FN, TP, and FP represent true negative, false negative, true Positive, and false positive, respectively.

4. Implementation and Result Analysis

A comparative study using Random Forest, Decision trees, KNN, SVM, Naive Bayes, Logistic Regression, with
MLP is conducted. We have used numpy, pandas and Scikit-learn which are open source machine learning libraries
in Python. An open source web application named as Jupyter Notebook is used to run the program. For training and
testing categories, roughly 50% of all examples are picked for training and 50% for testing (see Table 3).

Table 3. Composition of training and testing datasets

Fault number Training data set (number of examples, %) | Testing data set (number of examples, %)
1 80 50.60% 78 49.40%
2 100 52.60% 90 47.40%
3 200 51.20% 191 48.80%
4 40 55.60% 32 44.40%
5 30 54.50% 25 45.50%
6 200 49.80% 202 50.20%
7 350 52.00% 323 48.00%
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The results of all performance measures (accuracy, precision, sensitivity and Fl-score) for single categories
classification under the different machine learning algorithms are reported in Tables 4, 5, 6 and 7, respectively. In
Table 4, it can be observed that RF provides a promising accuracy performance in detecting the seven faults in
comparison to all other ML algorithms where it achieves an accuracy that varies with the faults from 81% to 99% with
an average accuracy of 93.29% for all faults. The DT, LR , SVM, and KNN provide an average accuracy that ranges
from 82.86% to 91.14% while the MLP and Naive Bayes provide the lowest average accuracies. The results of the
other performance measures indicate the consistency of the RF algorithm as it provides a superior performance with
respect to all the performance measures for all faults (see Tables 4-7). However, it can be observed that all algorithms
fail to achieve a good detection performance for faults 6 and 7 as compared to other faults. Therefore, these tested ML
algorithms are not the most suited for detecting these two faults. Generally, it can be observed that faults can be
categorized into three categories; first one concludes those faults that can be easily classified like fault 4; the second
category like fault 7 that cannot be easily classified or determined and the third category includes those faults which
ML algorithms classification ability differ from classifying it. So, it is recommended to find the suitable ML algorithms
to classify those faults in the last category considering the results previously mentioned vital metrics.

Table 4. Single categories Accuracy (%)

Class Decision KNN RF SVM Naive LR MLP
trees Bayes
Faultl 91% 84% 94% 92% 31% 92% 92%
Fault2 95% 83% 98% 91% 74% 91% 49%
Fault3 97% 92% 98% 79% 93% 94% 91%
Fault4 99% 94% 99% 97% 87% 99% 94%
Fault5 98% 96% 98% 98% 33% 98% 98%
Fault6 81% 71% 85% 79% 44% 78% 54%
Fault7 77% 60% 81% 66% 51% 66% 39%
Average 91.14% 82.86% 93.29% 86.00% 59.00% 88.29% 73.86%
Table 5. Single categories precision (%)
Class Decision KNN RF SVM Naive LR MLP
trees Bayes
Faultl 91% 85% 93% 84% 89% 88% 93%
Fault2 96% 83% 97% 82% 92% 82% 90%
Fault3 97% 92% 98% 63% 93% 94% 92%
Fault4 99% 93% 99% 93% 97% 99% 98%
Fault5 98% 96% 98% 95% 97% 98% 95%
Fault6 81% 71% 84% 62% 84% 68% 78%
Fault7 77% 60% 81% 43% 73% 78% 73%
Average 91.29% 82.86% 92.86% 74.57% 89.29% 86.71% 88.43%
Table 6. Single categories Sensitivity (%)
Class Decision KNN RF SVM Naive LR MLP
trees Bayes

Faultl 91% 84% 94% 92% 31% 92% 92%
Fault2 95% 83% 98% 91% 74% 91% 49%
Fault3 97% 92% 98% 79% 93% 94% 91%
Fault4 99% 94% 99% 97% 87% 99% 94%
Fault5 98% 96% 98% 98% 33% 98% 98%
Fault6 81% 71% 85% 79% 44% 78% 54%
Fault7 77% 60% 81% 66% 51% 66% 39%
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Average |  91.14% 82.86% | 9329% | 86.00% | 59.00% | 88.29% | 73.86%

Table 7. F1-score for Single Categories (%)

Class | Decision | NN RF sym | Naive LR MLP
trees Bayes

Fault] 91% 84% 92% 88% 38% 88% 88%

Fault2 96% 83% 97% 86% 79% 86% 58%

Fault3 97% 92% 98% 70% 93% 94% 91%

Fault4 99% 94% 99% 95% 91% 99% 95%

Fault5 98% 96% 98% 96% 47% 98% 96%

Fault6 81% 71% 83% 69% 44% 69% 58%

Fault7 77% 60% 80% 52% 48% 52% 28%

Average | 91.29% | 82.86% | 92.43% | 79.43% | 62.86% | 83.71% | 73.43%

The comparison results of the different machine learning algorithms (based on the average scores of the performance
measures over all faults) are summarized in Table 8 and depicted graphically in Figure 6. The results clearly confirm
that RF is the most effective algorithm in faults detection with respect to all the performance measures. The second-
best algorithm in detecting the faults is the decision tree. On the other hand, naive Bayes is the lowest effective one,
and by comparing TMLA with MLP as one of the artificial neural networks, despite MLP make good classifier
algorithm, TMLA are superior to MLP and doing well in such classification cases.

Table 8. Average scores of the performance measures for the different machine learning algorithms

Decision KNN RF SVM Naive LR MLP
trees Bayes
Accuracy (%) 91.14% 82.86% 93.29% 86.00% 59.00% 88.29% 73.86%
Precision (%) 91.29% 82.86% 92.86% 74.57% 89.29% 86.71% 88.43%
Sensitivity (%) 91.14% 82.86% 93.29% 86.00% 59.00% 88.29% 73.86%
F1-Score (%) 91.29% 82.86% 92.43% 79.43% 62.86% 83.71% 73.43%

Average Score (%)

B Accuracy (%) H Precision (%) M Sensitivity (%)

F1-Score (%)
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Figure 6. Comparison of different ML algorithms based on the average scores of the performance measures.
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5. Conclusion

This paper presented a comparative study of different machine learning algorithms, for anomalies detection in
manufacturing using the dataset of Steel plate faults, by Semeion, Research of Sciences of Communication. A
framework has been developed for the multi classification of steel plates faults from fault (1-7) by investigation the
use of mostly popular traditional machine learning; Decision trees, KNN, SVM, Naive Bayes, RF, Logistic Regression
and artificial neural network namely multilayer perceptron (MLP). The accuracy, precision, sensitivity, and F1-score
are considered the key performance metrics for the comparative study. It has been observed that some ML Algorithms
had an accuracy above 93% in detecting faults. The RF has the best recall, accuracy, precision and F1 score
performance average measures over the competitors. By comparing TMLA with MLP as one of the ANN, TMLA are
superior to MLP. From the results, the faults can be classified into three categories; (i) easily classified faults like fault
4, (i1) faults cannot be easily classified like fault 7, (iii) faults detection performance depends on the type of ML
algorithms. Therefore, it is recommended that, to find the suitable ML algorithm to classify those faults. The
performance of the methods achieved of test data is reached 93% that guide production managers can utilize the ML
to automate and improve fault detection instead of monotonous manual inspection. In addition, the significant and
rapid improvements in data integration technologies make ML a powerful tool in manufacturing processes and can be
utilized to gain beneficial insights into the behavior of manufacturing systems, improving the quality of decisions.
Future research should consider testing the adopted machine learning algorithm in this paper with a variety of
applications in manufacturing. In addition, other machine learning algorithms or hybrid algorithms should be
developed and tested for improving the detecting accuracy. In particular, there is a need to find some appropriate
machine learning algorithms to handle the cases such as faults 6 and 7.
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