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ABSTRACT 

Researchers have long been interested in developing fault detection methods for rotating 

machinery, and engineers and scientists are increasingly focusing on artificial intelligence-

based approaches. When using other signal processing techniques to extract fault 

characteristics or categorize fault features, artificial neural networks especially deep learning-

based techniques—are widely employed. The methodologies and these studies are closely 

related. This deep learning classification to detect intelligent machine errors. This developed a 

deep learning algorithm’s technique for the classification of machine faults. To facilitate the 

process, the input dataset is pre-processed. Researching the observed data is part of the data 

analysis process known as data pre-processing. The dataset is fed into the segmentation block 

following pre-processing. K-value to precisely identify the size and shape of the faults, 

morphological operations are employed in conjunction with segmentation for image 

segmentation. It attempts to maintain as much difference between the clusters as well as much 

similarity between the intra-cluster data points. The deep learning method includes the 

classifications of long-short-term memory networks (LSTM). When it comes to fault diagnosis 

in that area, LSTM classifier is designed to categorize faults according to their type. 

Keywords: long-short-term memory networks (LSTM), K-means segmentation, out-of-

distribution (OOD), time-domain reflectometry (TDR). 

1 Introduction 

The expansion of economic output depends on this kit, which is widely utilized in various vital 

engineering fields like power generation, rail transportation, and industrial systems. In order to 

guarantee that industrial machinery equipment runs consistently and dependably, reduce 

operating costs, and avoid catastrophic accidents, it is imperative to monitor potential faults 

and diagnose them. The development of artificial intelligence has created new avenues for 

research and opportunities in the field of equipment fault detection. In particular, deep learning-

based fault detection within a data-driven framework may significantly lessen the need for 

expert knowledge and engineering know-how, thereby offering an end-to-end diagnostic 
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system. There are four types of fault diagnosis methods: model-based methods, signal-based 

methods, knowledge-based methods, and composite methods. Conventional fault diagnosis 

techniques mainly depend on the mechanism, frequency of features, or extraction of fault 

features. Because rotating machinery relies on professional knowledge and practical 

experience, fault detection is challenging [1]. Deep learning help with intelligent machine 

health monitoring, appropriate decision-making, and the extraction of valuable knowledge 

from large data sets. This method has already demonstrated great success in speech recognition, 

visual object recognition, object detection, and a variety of other domains [2]. It takes time for 

a machine to go from being in good health to failing early, making it challenging to gather 

enough training data with different issues. Diagnostic models only be used with known 

distribution inputs, also referred to as in-distribution (ID) inputs, because they are often trained 

on small amounts of data [3]. An out-of-distribution (OOD) problem arises because the real 

monitored data are probably sourced from different distributions than the training data due to 

the complex failure mechanism and varied application contexts [4]. The reliability of the 

intelligent diagnosis model's outputs must be taken into account. Domain shifting has recently 

emerged as another commonly discussed topic in machinery failure diagnostics, taking into 

account issues with distribution disparity between the source and destination domains [5]. In 

order for the transferred model to generalize to the target distributions, which are different from 

those of the training data, the corresponding transfer fault diagnosis framework is proposed to 

address the domain shift. Domain adaptation and parameter transfer are the main components 

of this framework. The goal of domain shift minimization between source and destination 

domains is beneficial, but it only be achieved with some prior understanding of the target data 

from the transfer fault diagnostic [6]. As a result, the transferred model is limited to a particular 

target data distribution, highlighting its limitations in real-world applications [7]. The problem 

of the model outputs not being reliable in an OOD scenario has not been entirely resolved by 

the transfer diagnosis techniques [8]. Reliable analysis is a crucial step that must be taken into 

consideration in order to identify the emergence of previously unknown data. This will allow 

a warning about a diagnosis that might not be accurate to be sent before it is submitted for 

human review. [9]. by providing reliable analysis, people are encouraged to work with 

intelligent models, enhancing the models' safety and reliability. OOD detection may be used in 

the trustworthy analysis to ascertain whether the monitored data comes from a different domain 

or is drawn from the same distribution as the training data, or ID data [10]. The list below 

demonstrates how the paper is organised: Section I gives a description of the introduction. The 

recent works are described in Section II. The proposed model and description are explained in 

Part III. The results are presented in Section IV. In Section V, the conclusion is presented. 

2 Recent Works  

Long Wen et al [2020] [11] have proposed a data-driven analysis methods to support 

intelligent fault diagnosis by boosting the use of big data. Deep learning has become a 



ISSN (Online): 2583-7052 

 

Article Title: Detection of Intelligent Machine Fault using Deep Learning Classification 
 

Volume-II | Issue-12 [December] 

Page 40 of 54 

 International Journal of Advanced Trends in Engineering and Management (IJATEM) 
Vol. 02 (12), December 2023, pp. 38-54 

promising method for artificial intelligence recently. It automatically extract the features of 

unprocessed data, offering a fresh approach to mining the underlying relationships concealed 

in data and minimizing expert bias. One method for advancing deep learning is the 

convolutional neural network (CNN). To handle the raw signal data in an easy-to-understand 

manner, a conversion from signals to images is explored. CNN then uses these photos for 

training. The motor bearing dataset from Case Western Reserve University is used to evaluate 

the approach. 

Jia Qin et al [2019] [12] have Demonstrate a power transformer fails, it is frequently divided 

into two categories: mechanical failure and electrical accident. Researchers typically use 

dissolved gas analysis (DGA) to categorize faults and mechanical vibration analysis to pinpoint 

the trouble spot. Diagnosis is made more difficult by the big data power background and the 

raw, multi-source, heterogeneous data. An efficient method for automatically extracting 

features from unprocessed data is deep learning (DL). Convolutional neural networks (CNNs) 

are efficient deep learning techniques. The locations of vibration and gas sensors are chosen 

by examining the fault evolution mechanism. Next, LeNet-5 and the Fault Detection and 

Location CNN (FDL-CNN) are used to achieve fault classification and location online in order 

to increase diagnosis efficiency and accuracy as well as decrease noise interference. 

Mukesh Bhadane et al [2020] [13] have introduced a method for fault diagnosis that offers 

analysis for the safe and appropriate operation of any component or device is condition-based 

monitoring, or CBM. The most precise and trustworthy method of CBM for determining a 

device or element's condition is vibration analysis. Using this method, a fault be identified by 

analysing the accelerometer-derived vibration data. One of the most popular methodologies for 

pattern recognition and acoustic data analysis is the convolutional neural network (CNN). CNN 

serves as a back-end classifier in the detection of bearing faults. Three distinct bearing 

conditions—the normal condition, the inner race. 

Tongrui Xu et al [2020] [14] have employed a variety of testing and inspection techniques to 

determine whether the mechanical system and equipment that are in continuous operation have 

any flaws. It is widely used in industrial engineering and has received a lot of attention lately 

because people require machines to be safer and more reliable in order to complete complex 

tasks, and because maintenance and repair costs are high. Many studies have been conducted 

in various deep learning networks, as a result of the superior performance of deep learning in 

feature extraction and pattern recognition compared to traditional fault diagnosis methods, 

which are laborious and time-consuming. This paper introduces a thorough and systemic 

review of the diagnosis of machinery faults using different types of Recurrent Neural Networks 

(RNNs) and their combinations with other networks. 

Jinyang Jiao et al [2022] [15] have proposed a  machine fault diagnosis has grown in 

importance due to the manufacturing sector's rapid development in order to guarantee the 

production and operation of safe equipment. As a result, a wide range of strategies have been 
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investigated and created in recent years, with intelligent algorithms developing at a particularly 

quick pace. In the last five years, a great deal of research and application has been done on 

convolutional neural networks, which are a common example of intelligent diagnostic models. 

A significant amount of this research has been published in academic journals and conference 

proceedings. Nevertheless, no systematic review has been conducted to address these studies 

and provide a basis for future research. This work aims to bridge this gap by providing a 

thorough review and summary of the evolution of Convolutional Network based Fault 

Diagnosis (CNFD) approaches. 

3 Proposed Work Explanation  

An alternative to the more conventional methods model-based and signal-based approaches is 

the use of deep neural networks, which neither require development of an exact explicit analytic 

model nor offer a thorough comprehension of the aberrant behaviour of the signal symptoms. 

However, there is one challenging aspect to it, which is gathering a representative training data 

set with regard to price, availability, and time. Specifically, a significant obstacle to using 

supervised Deep Learning (DL) techniques is the availability of labelled data for model 

training; the recorded data should include the system behaviour under both normal and 

potentially abnormal conditions. When data is recorded during fault-free operations, it is simple 

to generate healthy data from test benches in the automotive industry It will be difficult to 

gather inaccurate data by recording during an error-prone operation. Moreover, the majority of 

potential hardware faults in automotive systems are random and manifest as a decline in 

component performance over many years of use. The majority of studies that are proposed to 

complicate the development of an automotive fault detection and diagnosis (FDD) model, or 

fault identification, rely on stand-alone deep learning techniques. However, it remains to be 

seen if a single DL technique meet all FDD requirements. As a result, there is no standard for 

choosing a suitable method among the many different DL algorithms that are available to create 

a reliable and accurate model. In recent years, a great deal of effort has been put into the study 

of FDD based on the hybrid DL method, with multiple studies demonstrating the superiority 

of hybrid methods over standalone methods. Therefore, using a hybrid approach that combines 

different DL techniques is a relatively effective way to improve FDD performance in a complex 

system. This allows for the utilization of each method's benefits while avoiding its drawbacks. 

Therefore, more contributions in this area are required as the research on creating an FDD 

model based on hybrid DL methods is still in its early stages. In this study, propose a novel 

FDD methodology as a classification problem for an in order to address the aforementioned 

shortcomings. A novel real-time FI framework, developed in the previous study with an HIL 

simulation system, was used to address the representative training data set problem. The 

majority of the possible fault classes in the ASS sensor signals were covered by this framework. 

This facilitates the training, validation, and testing of the model by simulating and recording in 

real-time a defective data set with complex test scenarios. Demonstrate the advantages and 
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capabilities of the proposed methodology, taking into account the vehicle dynamics and the 

environmental system model, using a complex automotive gasoline engine system as a case. 

 

Figure 1: Proposed Block diagram 

Deep learning is used in this proposed work to identify intelligent machine errors. Pre-

processing makes use of the input image. Data pre-processing methods are used to deal with 

the useless data in the dataset. Researching the observed data is a step in the data analysis 

process that comes after data pre-processing. After pre-processing, this dataset is sent to the 

segmentation block. K-means clustering is used in segmentation, and morphological operations 

are used to obtain precise fault dimensions and shapes. Following that, a segmented image of 

the faults is produced. The dataset then proceed to the deep learning classification block. The 

machine faults are classified using the LSTM classifier in order to identify problems in that 

area. Lastly, the LSTM classification method is used for increased accuracy, and the data are 

assessed to obtain a prediction output.  

Input dataset 

Use a different dataset to demonstrate how to turn a malware into an image before using the 

Milling dataset, which already contains malware images. The binary content of each file is 

represented in hexadecimal in the raw data. The intention is to turn those files into PNG pictures 

so that our CNN use them as input. A data set, also known as a dataset, is an assortment of 

data. In terms of tabular data, a data set is comparable to one or more database tables, in which 

each column of the table represents a different variable and each row signifies a particular 

record from the data set in question. The data set includes a list of all the variables' values for 

each individual in the dataset, including the item's weight and height. Data sets may also 

contain files or documents. A data set in the open data discipline is used to measure the 

information made available in a public open data repository.  

Data pre-processing 

Data pre-processing, which is a subset of data preparation, is any type of processing done on 

raw data to prepare it for another data processing step. It has always been an essential initial 

step in the process of data mining. Pre-processing the data is crucial to enhancing its quality. 

During pre-processing, the machine receives the gathered datasets as input and is trained 

appropriately. The process of cleaning, transforming, and selecting pertinent features from data 



ISSN (Online): 2583-7052 

 

Article Title: Detection of Intelligent Machine Fault using Deep Learning Classification 
 

Volume-II | Issue-12 [December] 

Page 43 of 54 

 International Journal of Advanced Trends in Engineering and Management (IJATEM) 
Vol. 02 (12), December 2023, pp. 38-54 

to get it ready for analysis is known as data pre-processing. It entails separating data into 

training and testing sets, scaling features, encoding categorical data, lowering dimensionality, 

and detecting and managing missing or duplicate data. Accurate and consistent data are ensured 

by proper data pre-processing, which also produces more dependable and accurate outcomes. 

Preparing the data is a crucial step in machine learning and facts analysis. Ensuring the 

accuracy, consistency, and suitability of data for downstream analysis is facilitated by it. 

Some of the reasons why data pre-processing is important are: 

 Improves data accuracy: Data scientists increase data accuracy and lower the 

possibility of errors and inaccuracies in the results by locating and managing missing 

or duplicate data. 

 Handles outliers: The outcomes of data analysis or machine learning models be 

distorted by outliers. Model performance be enhanced by using data pre-processing 

techniques like standardization and normalization to manage outliers. 

 Enables feature scaling: One crucial step in pre-processing data that helps to guarantee 

that all features have the same scale is scaling the features. For some machine learning 

algorithms that are sensitive to the size of the features, this is crucial. 

 Encodes categorical data: Several algorithms for machine learning are unable to 

process categorical data. Therefore, categorical data be transformed into numerical data 

that be used in machine learning models using data pre-processing techniques like one-

hot encoding or label encoding. 

 Reduces dimensionality: Principal component analysis (PCA) is one data pre-

processing technique that be used to reduce the dimensionality of data, which will 

facilitate analysis and modelling. 

Data preparation 

Preparing raw data for further data processing involves various types of processing, one of 

which is called data pre-processing. It's been a crucial first step in the data mining process 

historically. In the past, it was used to analyse data, extract pertinent information, and make 

decisions. Data preparation is the process of preparing raw data by cleaning and converting it 

before processing and analysis. It is an important step prior to processing and often involves 

dataset fusions for data enrichment, data corrections, and data reformatting. Data preparation 

be a time-consuming task for data engineers or business users, but it's essential to contextualize 

data before turning it into insights and eliminating bias caused by poor data. 

Data preparation steps 

 Gather data: The initial stage of data preparation is locating the relevant data. This could 

come from a data catalogue that already exists or could be added as needed. 

 Discover and assess data: Finding each dataset is crucial once the data has been 

gathered. In this step, you will learn about the data and what needs to be done in order 



ISSN (Online): 2583-7052 

 

Article Title: Detection of Intelligent Machine Fault using Deep Learning Classification 
 

Volume-II | Issue-12 [December] 

Page 44 of 54 

 International Journal of Advanced Trends in Engineering and Management (IJATEM) 
Vol. 02 (12), December 2023, pp. 38-54 

for it to be applied in a specific situation. Although discovery is a large undertaking, 

users profile and explore their data with the aid of visualization tools provided by data 

preparation platform. 

 Transform and enrich data: Modifying the format or value entries to produce a result 

that is clearly defined or to simplify the data so that a wider audience understand it is 

known as data transformation. In order to provide deeper insights, data be enriched by 

being added to and connected with other relevant information. 

 Store data: After the data is ready, it be saved or fed into an external program, like a 

business intelligence tool, which makes processing and analysis easier. 

Image segmentation 

In digital image processing and analysis, Image segmentation is a popular technique that 

separates an image into several regions or parts, typically according to the characteristics of 

the image's pixels. Is breaking down a picture into a group of pixel-rich areas that be 

represented by a labelled image or a mask. One common technique is to look for abrupt 

discontinuities in pixel values, which typically indicate edges that define a region. Comparing 

different areas of an image is another popular method. This strategy is used in the region 

growing, clustering, and thresholding techniques, among others. Over time, numerous 

alternative methods for segmenting images have been developed, utilizing domain-specific 

expertise to efficiently address segmentation issues in particular application domains. So let's 

begin with K-Means segmentation, one of the clustering-based techniques for segmenting 

images. 

K-means segmentation 

The dataset is to be divided into K pre-defined, distinct, non-overlapping subgroups, or clusters, 

with each data point belonging to a single group, using the iterative K-Means segmentation 

algorithm. The objective is to preserve the greatest possible distance between the clusters and 

the highest possible similarity between the intra-cluster data points. The method is dividing the 

data points into clusters with the goal of minimizing the total squared distance between each 

cluster's centroid, which is the arithmetic mean of all the data points in that cluster. When there 

is less variation within a cluster, the homogeneity (similarity) of data points within the cluster 

rises. 

Deep learning 

Artificial intelligence (AI) and machine learning that mimics how people learn certain things 

is called deep learning. It is a part of data science, which also includes predictive modelling 

and statistics. For data scientists, deep learning greatly facilitates and expedites the process of 

collecting, analysing, and interpreting vast volumes of data. 
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Long short-term memory (LSTM) 

Although they are technically trained using supervised learning techniques, also known as self-

supervised techniques, LSTM is an unsupervised learning method. A class of neural networks 

called recurrent neural networks (RNNs) is capable of learning long-term dependencies, 

especially in sequence prediction tasks. Time series forecasting models forecast future values 

based on sequential data from the past by using LSTM. This improves demand forecasters' 

accuracy, which helps the company make better decisions. One type of recurrent neural 

network is Long Short-Term Memory. In an RNN, the output of the preceding step is fed into 

the current step. LSTM was developed by Hochreiter & Schmid Huber. The problem of long-

term dependencies was addressed, wherein words stored in long-term memory are difficult for 

the RNN to predict, but it make more accurate predictions based on recent data. RNN becomes 

less effective as the gap length grows. LSTM stores data for a very long time by default. It is 

used for classification, prediction, and time-series data processing. 

4 Results and Discussion 

Input dataset 

 

Figure 2: MFPT Fault Data Sets 

The American Society for Machinery Fault Prevention Technology's MFPT bearing fault 

dataset is another widely used dataset for diagnosing rolling bearing faults. This is a crucial 

source for verifying the efficacy of the recommended methodology. The MFPT dataset consists 

of three sets of real fault data and three sets of experimental bearing vibration data. The three 

sets of experimental bearing vibration data are the baseline bearing data, outer race fault data 

with varying loads, and inner race fault data with varying loads. In figure 2, the input dataset 

is displayed. 
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Fault distribution 

A distributed denial-of-service attack, as illustrated in Figure 3 is a malicious attempt to stop 

the regular flow of traffic through a targeted server, service, or network by flooding the target 

or the infrastructure around it with an excessive amount of Internet traffic. DDoS attacks are 

effective because they leverage multiple compromised computer systems as attack traffic 

sources. 

 

Figure 3: Fault Distribution 

Heat map 

Color-coded visual data representations are called heat maps. Facilitating the visualization of 

the quantity of locations and events within a dataset, heat maps assist users in concentrating on 

the areas of data visualizations that are most important. Rectangles of various sizes and colours 

make up a heat map, and each rectangle stands for an object in your virtual world. One metric's 

value is represented by the colour of the rectangle, and another metric's value is represented by 

its size. For each virtual machine, for instance, a heat map displays the total memory and the 

percentage of memory used. Red indicates high memory use, green indicates low memory use, 

and larger rectangles represent virtual machines with more total memory. Figure 4 gives an 

example of heat map. 
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Figure 4: Heat Map 

K-means segmentation elbow curve 

 

Figure 5: K-Means Segmentation Elbow Curve 

Figure 5 displays examples of the K-Means elbow curve. One technique for unsupervised 

machine learning is clustering. It is the process of dividing up members of the same group into 

distinct groups based on similar attributes found in the dataset. Various clustering techniques 

are frequently used, such as Model-based clustering, hierarchical clustering, and density-based 

clustering, K-Means clustering, and others. It handle even sizable datasets. Incorporate the K-

Means clustering machine learning algorithm into the elbow approach by using the Python 

scikit-learn module. 
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K-means segmentation 

 

Figure 6: K-Means Segmentation 

Figures 6 display K-means segmentation representations. The goal of segmenting an image is 

to create a more perceptive and comprehensible representation of the image. Usually, it is used 

to delineate boundaries and identify objects. It is not a good idea to process an image as a whole 

because many of its constituent parts might not contain any useful information. Consequently, 

by segmenting the image, process it using only the important parts. All that is in a picture is a 

set of predefined pixels. During picture segmentation, pixels with similar properties are 

clustered together. In order to provide us with more thorough and specific information about 

each object in an image, image segmentation generates a pixel-wise mask for each object. 

Principal components 

The data in the input bands is transformed from the input multivariate attribute space to a new 

multivariate attribute space with its axes rotated from the original space using the Principal 

Components tool. In the new space, axes (attributes) are unrelated to one another. The primary 

goal of a principal component analysis is to use compression to lessen data redundancy. Figure 

7 displays examples of the principal components. 
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Figure 7: Principal Components 

Overall loss 

An equipment failure is defined as any period of time during which machinery is scheduled for 

production but is not running due to a malfunction of some kind. Any unexpected stoppage or 

downtime be viewed more broadly as an equipment failure. A breakdown of the equipment 

causes a loss of availability. Figure 8 displays the total loss as illustrated. 

 

Figure 8: Overall Loss 

Loss distribution for trained data 

A measure of how well a deep learning model fits the training set is called training loss. Stated 

differently, it evaluates the model's inaccuracy on the training dataset. It should be mentioned 

that the dataset used to create the model from scratch is subset of the training set. The 

computational computation of the training loss involves adding up all of the errors for every 

training case. It is also essential that the training loss be computed following each batch. A 

common visual aid for this is to plot a training loss curve. Examples of the loss distribution for 

trained data are shown in Figure 9. 
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Figure 9: Loss Distribution for Trained Data 

Loss distribution for tested data 

 

Figure 10: Loss Distribution for Tested Data 

Figure 10 shows the data loss during testing. A distinct data set with matching the training data 

set's probability distribution. When a model fits the test data set as well as the training data set, 

over fitting is prevented. Over-fitting is often indicated by a higher degree of fit for the training 

data set than the test data set. Thus, a test set, or collection of instances, is used to assess the 

performance of a fully described classifier. After the model is finished, it is used to predict how 

the test set's cases will be categorized. By contrasting these predictions with the actual case 

classifications, the model's accuracy is assessed. 

Overall accuracy 

Deep learning usually requires less continual human involvement. Deep learning outperforms 

machine learning in the analysis of unstructured data, movies, and other media. Jobs involving 

machines and deep learning will be available in all industries. It yields more precise results. 

Overall accuracy visualizations are shown in Figure 11. 



ISSN (Online): 2583-7052 

 

Article Title: Detection of Intelligent Machine Fault using Deep Learning Classification 
 

Volume-II | Issue-12 [December] 

Page 51 of 54 

 International Journal of Advanced Trends in Engineering and Management (IJATEM) 
Vol. 02 (12), December 2023, pp. 38-54 

 

Figure 11: Overall Accuracy 

Anomalies for trained data 

Anomaly detection is the process of identifying data points that don't match a company's usual 

data pattern by analysing corporate data. Businesses use anomaly activity detection to set 

system baselines, identify deviations from those baselines, and investigate inconsistent data. 

Examples of the anomalies for the trained data are shown in Figure 12. 

 

Figure 12: Anomalies for Trained Data 

Anomalies for tested data 

Data points or patterns that don't match preconceived notions about normal behaviour. The 

difficulty of anomaly detection lies in identifying patterns in data that differ from expected 

norms in light of previous observations. Basic statistical techniques like mean, median, and 

quintiles be used to identify unilabiate anomalous feature values in the dataset. Additionally, 

anomalies be discovered through a variety of exploratory data analysis and data visualization 

techniques. See Figure 13 for the Anomalies for Tested Data. 



ISSN (Online): 2583-7052 

 

Article Title: Detection of Intelligent Machine Fault using Deep Learning Classification 
 

Volume-II | Issue-12 [December] 

Page 52 of 54 

 International Journal of Advanced Trends in Engineering and Management (IJATEM) 
Vol. 02 (12), December 2023, pp. 38-54 

 

Figure 13: Anomalies for Tested Data 

Confusion matrix 

In this case, confusion matrices be useful. A confusion matrix, which provides a table 

arrangement of the various outcomes of the prediction and results, help visualize the findings 

of a classification problem. The predicted and observed values for each classifier are shown in 

a table. In Figures 14, the Confusion Matrix is displayed. 

 

Figure 14: Confusion Matrix 

5 Conclusion  

The classification of deep learning is proposed to detect machine faults. The classification 

accuracy was increased by using an LSTM classifier. The method produced the best results in 

terms of validation accuracy and fault detection. In the end, it has effectively used LSTM to 

classify and identify the different kinds of malware families. Faults are a key issue that needs 

to be explored for real-world industrial applications, so  will address them in our future work, 

which focuses on combining expert prior knowledge to improve the generation. 
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