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and minimizing unscheduled outages. However, the conventional methodology lacks

the ability to address the escalating and diverse problems of the modern complex
environment. The current study provides an alternative approach to carrying out predictive
maintenance activity based on the use of deep learning models that enhance conventional
procedures. For the given analysis, we used an artificial data set consisting of 10,000 samples
and 14 variables, such as air temperature, process temperature, flipping rate, and tool wear
level. We conducted a self-assessment using the specified models to confirm their
effectiveness in predicting various failure modes and forms, such as tool wear and heat
dissipation conking. This research demonstrated that deep learning models, specifically
LSTMs, outperform the established statistical methods in predicting equipment failures.
LSTMs provided high accuracy and predicted the failing system before it happened.
Furthermore, integrating deep learning with the statistical method that is normally used for
anomaly detection improves the model's stability and reliability. The evaluation's findings
emphasize the potential of deep learning algorithms for expanding the range of PM
applications to achieve better and faster failure predictions. The beneficial thing about this
approach is that it presents a means for addressing the inherent problems of large electrical
systems’ predictive maintenance that are beyond the scope of traditional practice.
Keywords: Predictive Maintenance, Deep Learning, Downtime Minimization, Neural
Networks, Failure Prediction
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Introduction:

In electrical systems, it is critical to achieve high performance and system stability.
Regrettably, the conventional maintenance techniques, which primarily involve periodic check-
ups and repair-based strategies, are not particularly effective in managing the intricate nature of
advanced electrical networks [1]. Therefore, the trends in applying PM strategies are
considered significant. We use it to enhance operational performance and predict and
eliminate system failures. This is a process of anticipating failures and taking corrective
measures at the right time using data mined from the past. Tools such as loggers and monitors
use this approach to understand patterns, identify shifts, and identify the occurrence of
operational events [2]. Hence, predictive maintenance is more efficient in that it prevents the
use of resources on corrective processes and enhances the system’s durability.

Recent advancements in deep learning have impacted predictive maintenance by
providing new approaches for managing large and multifaceted data sets. Machine learning,
further divided into sub-disciplinary categories, represents an exemplary level of maintaining
the identification of complex and heterogeneous patterns while learning from examples and
avoiding focus on specific characteristics. We have observed that some existing natural
models, such as Convolutional Neural Networks (CNNs) and Long Short Term Memory
(LSTM), excel in predictive tasks due to their inherent spatial and temporal connection
properties. CNNs are particularly good for high-dimensional features that are different from
one another, as they have excellent accuracy in learning such features, while on the other hand,
LSTMs are good for recurrence data such as time series and therefore very appropriate for
maintenance-oriented applications [3] [4]. On the other hand, the application of deep learning
in predictive maintenance within faculties encounters several challenges, including the
requirement for a substantial amount of high-quality performance data, the need for data
cleaning and normalization, the selection of valuable features, and the fine-tuning of
hyperparameters. Error statistics and resource usage, which are performance data, are
fundamental components for training optimal models [5]. Preprocessing data addresses issues
like missing values and outliers, ensuring clean data. Feature engineering transforms raw
variables into more reliable and precise forms for prediction, and the choice of deep learning
architecture determines the efficacy of the model.

Hyperparameters, such as learning rate, batch size, and number of epochs, carry
discrete values that require proper tuning to enhance the model's training. We use metrics such
as accuracy, precision, recall, the F1 measure, mean absolute error, and root mean squared
error to evaluate deep learning models. There have also been developments where deep
learning can coexist with statistical anomaly detection systems to make predictive maintenance
even more efficient and robust. The implementation of deep learning in predictive
maintenance mostly boasts the following advantages: smaller time for maintenance, higher
reliability, and lower costs. Further improvements will therefore require the inclusion of more
efficient data formats, such as stream data, and the use of enhanced neural network
architecture, such as transformers. Such models, which are known for their ability to process
long-range dependencies and a massive amount of related records, provide a basis for further
improving predictive maintenance results.This study's methodological framework underpins
the process of achieving its goals. The first step involves gathering and cleaning the
performance records of a specific organization from past or previous years. Missing values,
dealing with outliers, as well as normalizing the variables. We then use the best practices in
feature engineering to process the raw data into meaningful features, thereby strengthening the
models. Next, we train long short-term memory (LSTMs) on the processed data. We tune the
hyperparameters to enhance the efficiency of the selected models, and then use performance
metrics like accuracy, precision, recall, and F1 score to gauge their effectiveness. Finally, we

Aug 2024 | Vol 6 | Issue3 Page | 1121



International Journal of Innovations in Science & Technology

examine the allocation of statistical anomaly detection methods to enhance the models'
reliability [6] [7].
Obijective:

The goal of this study is to determine and suggest deep learning techniques for
predictive maintenance of electric systems. This study focuses on the process of anticipating
system failures and subsequently rectifying them. This involves:

1. Applying analysis and trend calculation to previous performance outputs to identify

failures.

2. Finding out what is most suitable for a myriad of deep learning applications, such as

Convolutional Neural Networks (CNNs) and Long Short-Term Memory (LSTM)

structures for predictive maintenance.

3. Overcoming challenges related to data preprocessing, feature selection, and setting

appropriate hyperparameters to achieve reasonable results.

4. Integrate deep learning with statistical anomaly detection methods to enhance PM

systems’ dependability.
Literature Review:

Predictive maintenance has evolved, based on the initial setup of only heuristic
techniques. Previously, maintenance activities relied on strategies such as schedule checks and
discrete or isolated events. However, the more complex structures of modernity proved to be
beyond the capabilities of these approaches, requiring simpler forms of systems to suffice [2].
Heuristic methods, which required only a brief maintenance in case of failure, primarily
contributed to this issue, leading to an increase in downtime and maintenance expenses. The
movement towards the application of machine learning methods sparked a shift towards
predictive maintenance procedures, as they broadened the scope of decision-making models.
Simple machine learning algorithms like decision trees, which provided a standard procedure
for rating equipment failures from its records, could correlate with predictive maintenance [8].
However, decision trees have certain weaknesses, particularly when dealing with noisy data and
high-variable interactions.

Random forests made another significant breakthrough in classification. This learning
concept entails using multiple trees to improve the longevity and precision of the developed
models. Thus, Random Forests outperformed several other decision trees in terms of noise
and data complexity, thereby enhancing the predictive effectiveness of equipment failures [9]
[10]. When the diversity of data increased, it necessitated the application of more complex
techniques. As a result, the most prominent ideas associated with big data analysis were
convolutional neural networks and recurrent neural networks. CNNs perform well when it
comes to managing different attributes of information and spatial feature extraction, making
them suitable for complicated architectures [11]. RNNs, especially LSTM, are capable of
training data in a sequential manner, which is very useful in solving time series issues. LSTMs
have significantly enhanced the predictability of maintenance trends by considering long-term
dependencies, thereby extending maintenance intervals [12].

Autoencoders, another kind of deep learning model, have emerged as useful in the area
of predictive maintenance for anomaly detection. These models learn efficient data features
and can pinpoint sets that deviate from normalcy, indicating failure. Thus, by analyzing and
identifying anomalies in real-time, autoencaders prescribe corrections and prevent unexpected
downtime [13]. The use of real-time information with maintenance predictive models has
additionally boosted their usage. Real-time monitoring allows for the identification of
emerging threats and immediate action to supplement existing methods based on historical
data analysis [14]. This makes it possible for maintenance actions to incorporate the current
operational condition with previous performances. Integrating deep learning with statistical
methods has had a positive impact on improving predictive maintenance systems' reliability
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and performance [15]. Regression analysis, which builds on the numerical abnormality
detection techniques integrated in deep learning models, is one of the other features analyzed
through statistical methods.

Deep learning also automates employment and other areas like equipment scheduling
and enhances overall capacity. The datasets used in maintenance and other related fields often
struggle with unbalanced data, but formats like the Synthetic Minority Over-sampling
Technique, or SMOTE, provide a solution [16]. Comparative research aids in determining the
model architecture for specific tasks, enabling the selection of the model required for the
application [17]. This technique utilizes knowledge from related tasks to improve the model's
outcomes, making it effective in situations where data is scarce or limited. This technique
improves the apparent learning method in the context of predictive maintenance by using
experiences acquired in different areas for the definition of features to take into account, thus
improving the generality of the model and the precision of the predictions [18]. The real-life
use of deep learning in predictive maintenance demonstrates the approach's profitability, but it
raises questions about data protection and Al-driven decisions. Future work in regard to the
predictive maintenance systems will involve the application of novel architectures like
transformers and utilizing ensemble learning to enhance the predictive performance of the
model and the overall dependability of a system.

Materials and Methods:

This study tests the proposed approaches for implementing predictive maintenance
using synthetic data on 'ai4i2020.csv'. Specifically, it includes data relevant to the operational
parameters and failure indicators, which gives comprehensive information for further analysis
and improvement of the maintenance results.

Dataset Description:

The ‘ai4i2020.csv’ dataset consists of 10,000 records and 14 features illustrating the real
performance of key machines. These are features such as the temperature of the air, the
temperature of the process in question, the rate of the rotation in RPM, the intensity of the
torque produced, and the general condition of the tools in use as seen in Table 1. Temperature
plays a crucial role since its degree influences the durability and efficiency of electrical parts,
and it is expressed in Kelvin. Another type of input variable is the process temperature, which
reflects the thermal state of the ongoing process in Kelvin, while it is important for keeping
the process in thermal equilibrium and raising alarms in case of its violation that may result in
failures. Revolutions per minute (rpm), the unit of measurement for rotational speed, describe
the rate at which the machine's components rotate. This allows for the tracking and
identification of regions that may pose mechanical challenges, potentially leading to machine
failure.

We express the measure of torque intensity in Nm (Newton meters), which indicates
the force that initiates rotation. Controlling the torque allows for the detection of overstrain
and mechanical issues that impede the machine's operation. Tool wear is another significant
characteristic that provides insight into the progressive degradation of the tool. When the tool
wears out to an undesirable level, it compromises the quality of the final product and hampers
the functioning of the relevant machinery. The target variable in the dataset is a binary variable
that accounts for failure events and, as a result, enables machine failure analysis and prognosis.
The synthetic feature of the dataset helps in studying different pre-planned failure modes,
including tool wear, heat dissipation, power failure, overstrain, and some random
malfunctions. This vast set of data is ideal for enriched and progressive strategies in line with
predictive maintenance in a bid to minimize time wastage and boost the machinery’s
performance.
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Table 1. Predictive Maintenance Dataset Attributes and Sample Records

U | Pro | Ty | Air Process | Rotat | Tor | To |[Mac |T |H |[P |O |R
D | duct | pes | Tempe | Tempera | ional | que [ol |hine |[W D |W S |N
I |ID rature | ture(K) Spee |(N |we |Fail |F |F |F |F |F
X) d m) |ar | ure
(rpm) (m
in)
1 |M14 |M |298.1 308.6 1551 428 |0 0 O (0 |0 [0 [O
860
2 | L47 |L |2982 308.7 1408 | 463 |3 0 O (0 |0 [0 [O
181
3 | L47 | L | 298.1 308.5 1498 494 |5 0 O (0 |0 [0 [O
182
4 | L47 |L |2982 308.6 1433 1395 |7 0 O (0 |0 [0 [O
183

Target Variable Distribution:

One important component of any dataset is the distribution of the binary target
variable, which defines the failure event. The analysis results show that there are 9,661 non-
failure cases and 339 failure cases, implying a great disparity. This distribution signifies real-life
scenarios where an item’s failure frequency is lower than its functioning frequency. It is crucial
for formulating accurate prediction models for the identification of failure events and for the
appropriate application of techniques regarding this issue.

Data Source:

This research uses a part of the predictive maintenance dataset released in 2020,
known as AI4I 2020, with data obtained from a reliable site that provides synthetic data for
various machine learning tasks. Researchers and industries have widely recognized this dataset
for its reliability in training and testing preventive maintenance models. Because of its
synthetic construction and exhaustive definition of operational and failure modes, it makes an
attractive analysis instrument in the context of predictive maintenance research.

Data Preprocessing:

Data pre-processing is very important, as it prepares the data set to enable models to work
well. The preprocessing steps include:
Data Cleaning:

The first step is to reduce noise and isolate the analysis-critical function. By eliminating
utilities and noises from the set, the process enables the model to concentrate on the areas
most enriched with factors that directly impact maintenance requirements. The aim is to prune
those features that introduce redundancy in the data, because this makes the data weaker and
the training process last longer. We used some criteria to determine which features were
unnecessary and thus required omission. The first one was relevant. Initially, we assessed the
significance of various features in the data set for identifying the appropriate predictive
models; we eliminated features that did not enhance the models' accuracy. We then computed
a correlation matrix to identify highly correlated features, as they lead to multicollinearity, and
managed them accordingly. We also utilized domain knowledge to identify the important
features for classification and eliminate those deemed irrelevant by experts. Furthermore, we
removed features that provided redundant or insignificant information to simplify the data.
Categorical Encoding:

Label encoding categorizes categorical values like "Product ID" in the dataset. This
technique converts nominal data into numbers, enabling machine learning algorithms to
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process these features. This approach assigns a category number or integer to each category so
that the model can cope with categories, which it cannot understand as a string. The reason
for selecting label encoding over other well-known encoding techniques such as one-hot
encoding and numerical encoding is that label encoding is significantly more effective for
certain types of data. Particularly for nominal features, label encoding establishes a connection
between the feature and its categories. The absence of a specific transition or ranking order
accurately characterizes a nominal connection. For instance, “Product ID” is a nominal
attribute in which the numbers provided to every ID do not follow a particular precedence,
making the label encoding process the best method for use.

However, as previously mentioned, one-hot encoding, while beneficial for further
transformation when dealing with categorical features that clearly lack ordinal dependence
between potential values, also transforms the matrix, thereby increasing the feature space,
particularly when the number of categorical values is high. This can result in longer
computation times and potentially lead to the creation of complex models. On the other hand,
label encoding does not engender an explosion of the feature space, which is useful for
nominal data because the numbers assigned to it do not impact the model’s outcomes.
Feature Scaling:

We use StandardScaler to standardize the features to a common scale, ranging from 0 to 1.
This ensures that all features are equally involved in aiding the model, eliminating the
possibility of a patticular feature dominating or controlling the model's behaviors. To avoid
convergence difficulties when training the model, scaling should be consistent. We chose
normalization because the dataset contains features with varying units, some with larger values
and others with smaller ones, making deep learning sensitive to feature magnitudes.
Exploratory Data Analysis (EDA):

EDA provides a solution by creating feature distributions, pairwise scatter plots, and
correlation heat maps. Such visualizations facilitate ascertaining tendencies in terms of
spreading and variability of each feature, possible outliers’ recognition, and certain patterns of
interrelation between the features. These relationships are critical to optimizing preprocessing
steps and, in general, the model-building process. This was done using EDA, which helped in
the selection of features and the engineered variables leading to efficient preprocessing and
proper mode as shown in Figure 1.

We chose the whole preprocessing technique as well as the model based on the data
set's characteristics and the expected objective of predictive maintenance. Preprocessing
activities require the preparation of data into a clean format for model training. Normalization,
standardization, and variance scaling guarantee that all the features have the same impact on
the model and remove all problems associated with the magnitude of features. Presumably,
EDA benefits the layout of the feature distribution of the dataset, as well as their association,
which contributes significantly to feature engineering and preprocessing.
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Figure 1. Exploratory Data Analysis (EDA) Architecture for Predictive Maintenance
Dataset.
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Comparison of Neural Network Architectures and Hyperparameters:

We experimented with different model architectures and hyperparameters while
developing the predictive maintenance model. The main purpose of this comparison was to
analyze the operational characteristics of different model configurations. Thus, the aim was to
identify which kind of architecture offered the optimal performance, learning time, and
computational resources as indicated in Table 2.

Table 2. Comparison of Different Model Architectures and Hyperparameters

Model Number | Neurons | Activation | Optimizer | Epoch | Loss | Training | Learning
Configuration | of Per Function Time Rate
Hidden | Hidden
Layers | Layer

Modell 1 32 ReLu, SGD 50 0.42 | 14min 0.01
Sigmoid

Model2 1 04 RelLu, RMSprop | 50 0.39 | 13min 0.001
Sigmoid

Model3 2 32,32 RelLu, Adam 50 0.35 | 12min 0.001
Relu,
Sigmoid

Model4 2 04,64 ReLu, Adam 50 0.38 | 15min 0.001
Relu,
Sigmoid

Model5 3 32,32,32 | Relu, Adam 50 0.37 | 16min 0.001
Rel .y,
RelLlu
Sigmoid

Model6 3 16,16 Relu, Adagrad 50 0.45 | 14min 0.01
Relu,
Sigmoid

Model 3 effectively combines a manageable model complexity with the Adam
optimizer and a learning rate of 0.001, leading to optimal performance.
Model Development and Training:

The model development process includes the creation of a deep learning framework in the
TensorFlow/Keras environment, with an emphasis on the sequential model architecture that
best fits binary classification tasks.

Model Architecture:

Based on the experiments and the theoretical analysis, we moved to the architecture
design of the neural network in order to handle the necessary level of complexity and achieve
decent performance. We considered the nature of the problem to solve and the characteristics
of the datasets to use in choosing the palette of layers and neurons per layer. We set the
number of neurons in the input layer to 64, ensuring that the data fed to the network's
neurons had a dimension of 14, thus providing the network with 14 features to learn from. We
selected 64 neurons to prevent the issue of 'overfitting', while also ensuring sufficient data
capture for modeling purposes. To ensure that the network was deep, it contained two hidden
layers, each having 32 neurons to conduct the computation. Thus, we could maintain the
model’s relative simplicity in order to offer a relatively efficient training process. When it
comes to hidden layers, having fewer neurons is beneficial because their reduction greatly
decreases the level of overfitting, but the model can still learn features and dependencies. We
used the Rectified Linear Unit (ReLU) activation function for these layers. It made the
operations less linear and fixed the problem of vanishing gradients to train deeper networks.
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The output layer has only one neuron with the sigmoid function for making the final
class prediction. This arrangement is also suitable for binary classification problems because
the sigmoid function calculates probabilities that are suitable for binary decisions, such as
identifying failed machines as shown in Figure 2.

Pooling Pooling
Dataset Convolution Convolution Cunvrilti:tinn
+ RelU + RelU
Pooling

e ;:: =

Fully Connected Layer Flatten Layer

Sigmoid Activation

Figure 2. Deep Learning Model Architecture for Binary Classification.
Model Compilation:

We chose the Adam optimizer because it is known for its efficiency and flexibility in
varying learning rates during the training process, which enhances learning. If the problem is a
binary classification problem, we can use binary cross entropy as the loss function; this will
enable the model to discern its errors and contrast its defined probabilities with the actual
classes of data. In this scenario, we allocate 80% of the data for training and 20% for
validation to prevent overfitting. We employed early stopping as a precaution, halting the
training process as soon as the algorithm's accuracy on new data sets did not improve. As a
result, we chose the Adam optimizer because it is more efficient in learning rate control and
has a faster convergence level. These binary cross entropies are useful for ascertaining the
accuracy of the classification level. Flow of Methodology is shown in Figure 3.

ai4i2020. csv m

Batch Normalization

| ,

20% of Test Data 80% of Train Data
Test the Model for R Deep Neural Network
Accuracy [ Model
Test Accuracy Train Accuracy > Adam Optimizer

Less

If Test

Accuracy< Hyper Parameter
Train Tuning
Accuracy
Better Testing
No Accuracy

Figure 3. Methodology Flow Diagram for Model Training and Evaluation.
We used the ReLU mode to initiate the model due to its effectiveness in capturing
nonlinearity, while the sigmoid layer provided probability scores for the binary classification
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outcome in the study. We chose the Adam Optimizer as the optimization algorithm due to its
efficiency and widespread use. We used the binary cross-entropy function as the loss function
in the deep learning model because binomial classifiers typically use it. We use the concept of
regularization to stop building the model earlier in the training phase, thereby reducing the
chances of overfitting when mapping the training dataset and arriving at comprehensive
generalizations on the new data sets. Overall, these choices attempted to improve the model's
ability to classify equipment failures as well as predictive maintenance.

Regarding experimentation, various activation functions and optimizers were evaluated.
ReLU and sigmoid were chosen based on their proven effectiveness in similar tasks and their
alignment with the specific requirements of binary classification. The Adam Optimizer was
selected after assessing its performance against other optimization algorithms, confirming its
suitability for the task at hand as shown in Table 3. These decisions were guided by their
demonstrated efficacy and their ability to enhance the model's performance in predicting
equipment failures and supporting predictive maintenance efforts.

Table 3. Performance Comparison of Adam Optimizer to other Optimizers

Optimizer Learning Rate Epochs Loss Training Time
Adam 0.001 50 0.35 12min
SGD 0.01 50 0.40 15min
RMSprop 0.001 50 0.37 13min
Adagrad 0.01 50 0.45 14min

Evaluation Metrics and Analysis:

To assess the effectiveness of the proposed model, we utilized a range of performance
assessment indicators.
Classification Report and Confusion Matrix: These provide an outline of accuracy,
precision, recall, and F1-score; as a result, they indicate how the model effectively distinguishes
fail and non-fail samples.
ROC Curve and AUC: The ROC curve presents the true positive rate against the false
positive rate at different thresholds, while the AUC gives a single summary of the accuracy of
the model. In terms of distinguishing capability, the class's performance corresponds to a
higher AUC value.
Precision-Recall Curve: This curve indicates a model’s capacity for identifying positive
instances of data by analyzing the amount of cost in a model and the trade-offs between
preciseness and recall, particularly if working with unbalanced datasets.
Failure Indicators and Their Contribution to Predictive Maintenance Models:

This study examines several failure indicators to implement predictive maintenance,
aiming to enhance the performance of existing models. These indicators include tool wear,
heat loss, power supply breakage, overstrain, and random breakdowns. All these indicators
play a crucial role in identifying problems in their early stages, before they lead to significant
and systematic failures. The monitoring of tool wear helps in the planning for replacement or
repairing the worn-out tools in advance, hence reducing time wastage due to worn-out tools.
Gaining access to temperature is crucial for identifying thermal-related failures and making
necessary adjustments before they become catastrophic. The monitoring of power failures will
help tackle electrical problems in the early stages, reducing machine interruptions. Indices of
overstrain reveal the applied mechanical loads and aid in reducing mechanical loads and
failures. Also, random failures are effective in identifying the unpredictable variation that
would otherwise go unnoticed and incorporating the scope of the predictive model designed.
Practical Application and High-Risk Analysis:

These failure indicators are necessary in practical use and in evaluation of high risk.
Since the results highlight records with higher chances of failure, the model optimizes
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maintenance schedules and synchronization. The use of a probability threshold for failure
ensures that records of items with high failure risk take preference over the rest, thus ensuring
maximum return on the available resources for maintenance. We closely monitor the low-
probability cases to ensure prompt action and effective prevention of cycles that may take a
long time to damage the machines. This method increases the dependability and productivity
of maintenance procedures, keeping up with system performance optimization by eradicating
frequent downtimes.

Results and Discussion:

We deployed and evaluated the deep learning model for condition monitoring in the
context of predictive maintenance, and the results demonstrated the applicability and
usefulness of the proposed method. In the preprocessing category, such subcategories as
feature selection and encodings in the categorical variables created a strong starting point for
model training. Exploratory Data Analysis complemented pattern examination by displaying
properties such as air temperature, process temperature, rotational speed, and torque with
respect to dispersion, as shown in Figure 4. The analysis carried out on the model underscores
the model’s ability to support decision-making for predictive maintenance, thus improving
system reliability and performance.

Product 1D Air temperature [K] Process temperature [K] Rotational speed [rpm]
600
400
- -
[ E
3 2
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' { 4 = - <0 0
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Figure 4. Preprocessing Framework for Predictive Model Development.

These distributions are particulatly important because they provide some insight into the
features' characteristics and guarantee that the distributions match the empirical distribution
functions. By examining these distributions, we evaluate whether the features used to
construct this model align with the actual data distributions, thereby determining the model's
reliability and efficiency. Moreover, the two-feature scatter plot described with its example in
Figure 5 contains a lot of information about the interaction of features owing to the fact that
there can be a plurality of such plots. The following plots show the types of relations between
the features, as well as how these relations affect the model's performance.
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The second important aspect, which the correlation heatmap in Figure 6 introduced, was the
suggestion of the features to include in the model based on a high correlation between the features.
Model Performance Metrics
We designed the deep learning model sequentially to improve its performance, and we
applied various performance measures for analysis. Table 4 further splits the confusion matrix
into measures of accuracy, precision, recall, and Fl-score. The model had an overall accuracy
rate of 98%, implying the model’s ability to correctly classify between failure and non-failure
events. The model showed a strong fit with a precision of 0.99 and a recall of 0.97,
demonstrating high efficiency in identifying failed products while simultaneously exhibiting
low false alarm rates.
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| Figure 6. Correlation Heatmap for Feature Selection.
Table 4. Classification Metrics and Confusion Matrix Summary for Model Evaluation

Precision Recall F1 Score Support
Class 0 1.00 1.00 1.00 1939
Class 1 1.00 0.97 0.98 61
Accuracy "1.00 2000
Macro Avg 1.00 0.98 0.99 2000
Weighted Avg 1.00 1.00 1.00 2000

The confusion matrix illustrated in Figure 7, shows the model’s classification results.
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Figure 7. Confusion Matrix Illustrating Model Classification Results.
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From the confusion matrix, the true positive values are high, and so are the true negatives,
which mean that the model is able to correctly classify a failure from a non-failure. This visual
confirmation also enhances the overall authenticity of the proposed model in the current
study. Figure 8 illustrates the Receiver Operating Characteristic (ROC) curve, demonstrating
the developed model's capacity to diagnose diseases like CAP presented at the emergency
department. ROC is an effective plot to look at how good the model is at discriminating
between the two groups. The AUC score of 100 percent merely means that the built model
has very sharp discrimination power, demonstrating the true positive and false positive rate
curve and speaking about the built model generality.
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Figure 8. Receiver Operating Characteristic (ROC) Curve and AUC Score.
Moreover, the Precision-Recall Curve, depicted in Figure 9, effectively illustrates the
balance between precision and recall rates. The curve reveals that the model maintains a strong
equilibrium between these two metrics, which is crucial for applications where both precision
and recall are equally important. This balance ensures that the model performs well in
accurately identifying positive instances while minimizing false positives.

Precision-Recall Curve
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Figure 9. Precision-Recall Curve Analyses.
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In the practical application phase, we computed the predicted failure probabilities for all
dataset records. We defined records as high-risk if their probability was greater than a certain
threshold, set at 0.8. We set the significance level at 0.8 to minimize false negatives and capture
the most likely failure cases. We chose this threshold to focus on the cases with high
classification confidence and to minimize the number of false negative cases, while keeping the
false positive rates to a reasonable level. Choosing the right threshold greatly affects this
performance. By raising a bar, the model looks for a more highly probable prognosis; hence,
while it may produce fewer samples of high-risk classification, they are likely to be much more
accurate. This approach assists in focusing maintenance efforts on the probable failure
circumstances, which enhances the use of working hours in maintenance. However, a higher
threshold often results in a reduced recall value, as it classifies fewer records as high-risk,
potentially overlooking less probable failures. Therefore, adjusting the threshold requires
balancing the trade-off between maximizing the number of high-risk cases and reducing false
alarms. For this reason, identifying the model's performance in terms of precision or recall, or
better yet, the combination of both, provides a balance between performance and timeliness
of the results, which is always critical in any practical setup. This classification encourages
concrete maintenance action at point 0.8, as shown in Table 5.

Table 5. Detailed Product Data with Failure Probability

Pro | Air Process | Rotat | Tor | To |[Mac |T |H |P |O |R |Failur
duct | Tempe | Tempera |ional | que (ol |hine |[W D |W |S N |e
ID | rature | ture(K) Speed | (N |we |Fail |F |F |F |F |F |Proba
X (tpm) | m) |ar | ure bility
(m
in)
1026 | 298.9 309.1 2861 |46 |14 |1 0 10 1 10 |0 |0.9987
3
1039 | 298.9 309.0 1410 [ 657 |19 |1 0 |0 1 1 10 [0.9999
1
1046 | 298.8 308.9 1455 1413 120 |1 1 O (0 |0 [0 ]0.9993
8
1097 | 298.4 308.2 1282 1 60.7 |21 |1 0O |0 [0 |1 [0 ]0.9995
0

Figure 10 illustrates a scatter plot of high-risk records, with color intensity indicating
the predicted failure probabilities. This visualization aids in identifying equipment that requires
focused attention based on risk levels, facilitating efficient resource allocation and minimizing.
Discussion:

The evaluation of the model's characteristics and results demonstrates key benefits and
suggests possible use in ongoing processes, such as predictive maintenance. The model's high
accuracy, enhanced by the ROC and precision-recall graphics, demonstrates its capacity to
make precise predictions about potential machine faults. All basic name transformations, such
as feature scaling and encoding, were critical in propetly preparing the data for training so that
the model could learn  propetly from the input data fed to @it
The centralized advantage is the ability to determine the model's accuracy based on the
performance indices that characterize the model's effectiveness. The proposed approach's high
AUC, along with its high rates of precision and recall, demonstrate its effectiveness in planning
and conducting maintenance processes. Effective schedule management and general
operational performance depend on failure predictions, as they dictate the downtime during
system maintenance.
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However, it's crucial to highlight some of the limitations, which include the following:
The synthetic characteristics of the dataset, while providing a sample of various failure
situations, could not be correlated with the real environment. The failure characteristics and
distributions we uncover in the following sections might not align with practical operating
conditions, which could lead to ineffective performance of the above model in a synthetic
environment. To achieve this, the present study combines a real dataset with a synthetic one to
account for the characteristics of real failures and improve the model's accuracy and
applicability. It means that using real operating data will help to adjust the described model
and make it more accurate in terms of forecasting. Moreover, a score of 0.95 in the recall
aspect, calculated as one minus the recall score, is slightly less than ideal and can be further
trained to capture less frequent failure events. To address this issue, we can implement
preventive measures such as incorporating a variety of failure scenarios, adjusting the decision
margins, and utilizing advanced techniques such as ensemble methods. As a result, these
approaches can help the model capture and estimate failure cases more accurately, improving
its predictability.

High Risk Records Based on Predicted Failure Probability
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Figure 10. Scatter Plots of High-Risk Records with Predicted Failure Probabilities.
Real-World Implications and Error Analysis:

In the real world, the use of predictive maintenance models that categorize critical
components according to the chances of failure is greatly beneficial. It helps organizations
move from a reactive paradigm to a predictive one, thus cutting down on costs associated with
unplanned equipment breakdowns and increasing the equipment’s useful life cycle. By
concentrating maintenance efforts on the most crucial areas, organizations can gain guidance,
establish appropriate resource priorities, prevent failures, and ultimately decrease their impact
on the organization, thereby enhancing organizational effectiveness.
However, we should not omit the error analysis, as it aids in refining the presented model. Key
issues include:
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e False Positives: Misclassifying certain components as high-risk when, in reality, they
are not, leading to erroneous maintenance procedures. We can minimize this by fine-
tuning threshold values and improving the model's overall calibration.

e TFalse Negatives: We exacerbate the issue by failing to identify components that fail,
thereby missing out on maintenance opportunities. The following can help solve this
problem: We can increase the rewards for model recall and include a variety of data.

e Data Quality: Biases in the data set, such as incorrect entries or missing values, can
significantly impact the model. Critical features such as data cleaning and validation
must be followed.

e Synthetic Data Limitations: At times, one may argue that the synthetic data does not
accurately represent real-life situations. To get the best results, it is also important to
assess the model with real operating data.

Conclusion:

The deep learning solution's predictive maintenance model has improved the
application's predictive capability and operational performance. Aggressive preprocessing
procedures were used during training on the synthetic data set, which contributed to the
achievement of genuine indicators within the model. While analyzing the results of the
machine failure prediction, an accuracy of 98%, as well as good precision, recall values, and
AUC score, demonstrate the model's competency. These outcomes support the model's
applicability in realistic maintenance tasks, where failure prognosis is critical to optimizing
maintenance intervals and, consequently, the overall mean time to failure. The model provides
insights into potential failures of records, enabling maintenance actions to align with the
forecasted failure risks. Because the methodology targets records with high failure
probabilities, it contributes to maintenance preventative work, resource optimization, and
reduction of failure likelihood.

However, there is still opportunity for improved results and additional research, as
discussed below. On the downside, the comprehensive nature of the dataset may be synthetic
and not closely aligned with real-life operational settings. Future research on this model should
also include the creation of assessments for actual datasets to assess the model's generality. We
can conduct further research on more complex model variations or combine multiple models
(ensemble or hybrid) to enhance their effectiveness. Using domain knowledge and other
unconsidered operation characteristics could potentially enhance the model and improve the
quality of its predictions.
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