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Annotation. In terms of repair costs and production downtime, gearbox and machinery failures are
expensive and frequently lead to whole plant failures. By using Artificial Neural Networks (ANN) to forecast
machinery breakdowns, this study sought to reduce these losses by facilitating the application of predictive
maintenance techniques. This strategy offers major operational gains by increasing machine dependability
and attaining large cost savings. An ANN model that had undergone extensive training, validation, and
testing procedures was used to gather and analyse sensor data. The outcomes showed a remarkable
97.3% prediction accuracy. The Mean Time Between Failures (MTBF) increased by 3,000 hours and the
Mean Time to Repair (MTTR) decreased by 6.5 hours, two significant increases in key performance
parameters. Predictive maintenance also resulted in 95 million Naira in cost savings. This study's use of Al
approaches greatly increased the accuracy of failure prediction, enabling better predictive maintenance.
This led to increased machine dependability and significant cost savings, highlighting the importance of
incorporating cutting-edge Al technigues into industrial maintenance procedures.

Keywords: Artificial Neural Networks (ANN), Mean Time Between Failures (MTBF), Mean Time to Repair
(MTTR), Artificial Intelligence (Al), Predictive Maintenance, Equipment, Failure, Industry, Enhance,
Datasets, Confusion Matrix.

AHHoTauma. [lo 3atpataMm Ha PEMOHT M MPOCTOAM MPOU3BOACTBA OTKa3bl PEeAyKTOPOB WM MaluuH
AOPOroCTosILLME N YaCcTO NPUBOAAT K OTKa3y Lenoro 3asoga. Micnonb3ys MCKYyCCTBEHHbIE HENPOHHbIE CeTn
(MHC) pgna nporHo3upoBaHWs OTka3oB obopydoBaHMs, B AAHHOM MCCNeAoBaHWMM Obinv NpeanpuHATHI
NOMbITKN CHU3UTb 3TW NOTEPYU 3a cHET 0BNErYEHNS NPUMEHEHUS METOAOB MPOrHO3UPOBaHUSA TEXHNYECKOTO
obcnyxmBaHusa. OTa cTpaTermsa npeanaraet 3HaduMTeNbHble ONepauUnoHHbIE BbIrogbl 3a CHET NOBbILLEHUS
HaJEXHOCTU MalUMH U OOCTWXKEHUS 3HAYUTENbHOM 3KOHOMUM cpencTB. Onsa cbopa M aHanusa gaHHbIX
JaTtyvkoB Obina ucnonb3oBaHa Mogenb ANN, koTopasi npowna obwuvpHele npouenypbl 0by4veHus,
Banuiauum n TecTupoBaHus. PesynbTaTbl Nokasanu 3amMeuvaTterbHbli pesynbTaT TOYHOCTb NPOrHosa
97,3%. CpeaHee BpeMs mexay otkaszamu (MTBF) yBenuumnnock Ha 3000 4acoB, a cpefHee Bpems A0
pemoHTa (MTTR) ymeHblMAOCh Ha 6,5 4acoB, YTO ABNAETCA OBYMS 3HAYUTENbHBIMU YBENUYEHUSIMU
KMOYEBbLIX MapameTpoB nNpousBoauTenbHocTU. [lporHosvpyemoe obcnyxuBaHue Takke npuBeno K
akoHoMun 95 munnvoHoB Naira. Vcnonb3oBaHve MNOAXOAOB WCKYCCTBEHHOrO WHTENneKkra B 3TOM
nccrnegoBaHUM 3HaAYMTENbHO MOBLICUIO TOYHOCTb MPOrHO3MPOBaHUSA Heydad, Y4TO MO3BOMUIIO Nydlle
noagepxmBaTb NPOrHO3bl. OTO NPMBENO K MOBLILIEHWIO HAAEXHOCTN MALNH U 3HAYNTENBbHON SKOHOMMUM
3aTpart, YTO NoAYEepKMBaEeT BaXXHOCTb BKIHOYEHUS NepeoBblX TEXHONOMN UCKYCCTBEHHOMO MHTENNEKTa B
npouenypbl NPOMbILLNIEHHOTO 0OCYXXMBaHMS.
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(MTTR), Artificial Intelligence (Al), Predictive Maintenance, Equipment, Failure, Industry, Enhance, Data
Sets, Confusion Matrix.

Introduction

In order to minimize unexpected downtime of machinery, equipment, and processes and
prevent system failures, failure prediction is a crucial part of industrial maintenance
methods [1]. In order to schedule maintenance tasks in a timely manner, predictive
maintenance depends on precise forecasts of future malfunctions. Failure prediction
techniques examine data from the past and present that reflects system operations,
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events, and states. Machine learning (ML), which makes it possible to train a prediction
model from time-series data, assess the model's performance, and implement it in a
productive context, is a technology that is being utilized more and more for failure
prediction [2]. Improvements in machine learning algorithms, their integration into open-
source software packages, and the increased availability and quality of industrial data
within the framework of big data analytics and stream processing platforms have all
contributed to the growing use of machine learning technology for failure prediction [3].
Evidence suggests that ML-based failure prediction models work well for a range of
systems, such as ICT gadgets, wind turbines, agricultural machinery, aircraft
components, and even production facilities [4-5]. Furthermore, there is comparable
evidence for forecasts made extremely close to the failure time, like a few minutes, as
well as predictions made far away, like several weeks. This diversity in the prediction job
corresponds with a broad range of machine learning approaches that academics and
practitioners can select from when creating a particular prediction model. The methods
deal with the underlying machine learning algorithms, the conversion of operational data
into features, the training of prediction models using historical data, and the evaluation of
the models' performance.

Understanding machine learning techniques and how they affect prediction performance
is essential to developing successful prediction models. Nevertheless, the growing body
of evidence from earlier studies is poorly documented. Failure prediction has not been
the subject of a review, despite the fact that the application of ML technology for predictive
maintenance has been evaluated multiple times [6]. One set of reviews looked at methods
for a wide range of industrial maintenance duties. Failure detection (did a failure occur?),
failure diagnosis (why did the failure occur?), condition monitoring (what is the current
condition?), failure prediction, and forecast of other variables, such deterioration and
remaining useful life, were among the duties. For example, just three of the thirty-three
research in a review by Zhang et al. looked at failure prediction [7]. Failure prediction and
detection were examined in a review by Stetco et al [8]. However, it is not possible to
compare and integrate research findings for one task with those for another [9]. As a
result, the failure prediction task was left out of another set of reviews that concentrated
on the failure diagnostic job.

When taken as a whole, the knowledge gleaned from existing evaluations is insufficient
to guide the creation of ML-based failure prediction models and assess their
effectiveness. By concentrating on the failure prediction task and carrying out a task-
specific systematic review, this study fills this significant gap in the literature. Therefore,
the goals of this study are to evaluate the use of machine learning technology in earlier
studies looking at failure prediction in industrial maintenance and to summarize the
published findings to recommend directions for further investigation.

Materials and Method

Study Area

This section outlines the research methodology employed in the study on the
enhancement of equipment failure prediction using Al techniques in industrial predictive
maintenance. It describes the research problem, data collection methods, data pre-
processing, Artificial Neural Network model development, Artificial Neural Network Model
Training and testing

Algorithm of the System
Problem Definition
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This is the first stage in which the precise issue that has to be resolved with the ANN
model is specified. It entails comprehending the project's objectives, limitations, and
specifications. The issue may have to do with classification, pattern recognition,
prediction, etc.

Data Collection

Predictive maintenance is based on data, and in order to create reliable models, it is
essential to gather and pre-process the appropriate data. The following steps are included
in the data collection process:

Sources of Data: In an industrial context, sensors, equipment logs, and maintenance
records will be used to gather historical equipment data. Variables pertaining to operating
parameters, maintenance operations, and equipment condition will be included in the
data. Gearbox state, temperature, vibration, and alignment.

After Data Processing (Cleaning):

the data is gathered, it must be processed and cleaned to get rid of any errors, noise, or
inconsistencies. In this step, missing values are handled, data is normalized, and raw
data is transformed into an analysis-ready format.

ANN Model Development (MATLAB):

In this case, MATLAB is used to create the ANN model. Choosing the right kind of neural
network, specifying the network design (number of layers, neurons per layer, activation
functions), and establishing the initial parameters are all part of this process.

ANN Model Training

The ANN model is trained using the processed data. By modifying weights and biases
throughout training, the model gains the ability to identify patterns and relationships in the
data. In order to reduce the error between expected and actual results, this iterative step
uses strategies like backpropagation.

ANN Model Testing:

A different dataset that was not utilized for training is used to test the model after it has
been trained. The model's performance and capacity to generalize to fresh, untested data
are assessed in this step. The model is evaluated using performance metrics like
accuracy, precision, recall, and mean squared error.

ANN Model Evaluation

The trained model is carefully assessed in this step to make sure it satisfies the required
performance standards. This entails evaluating the testing phase's outcomes and, if
required, making additional model adjustments.

Results Presenting the outcomes of the model evaluation is the last stage. Reporting on
performance metrics, model prediction versus actual outcome visualizations, and any
analysis-derived insights or conclusions are all included in this. The outcomes aid in future
model refinement or data-driven decision making. Each block denotes a critical
stage in the creation and implementation of an ANN model, guaranteeing a methodical
approach to using neural networks to solve challenging issues. Assurance of Data
Quality: Missing values will be imputed when the data has been cleansed. To guarantee
the quality of the data, anomalies and outliers will be found and dealt with. Data
Integration: To create a complete dataset for model building, pertinent data from various
sources will be combined.

Ethical Considerations The privacy and confidentiality of industrial data will be protected
by this study's adherence to ethical standards and norms. The industrial setting's
cooperation and consent will be sought, and any sensitive data will be safeguarded and
anonymised to safeguard proprietary information. The algorithm is summarized in Figure
1's flowchart.
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Problemn Definition

modeling

Fig 1. Flowchart of the system.

Results and Discussion. The research findings are arranged according to how well the
created Al models forecast equipment failures and what it means for industrial predictive
maintenance. Three types of samples are used: 10% for testing, 25% for validation, and
65% for training. Figure 2 illustrates how the training set is given to the network during
training, and the network is modified based on its mistake. Network generalization is
measured using validation sets, and training is stopped when generalization ceases to
improve. Testing sets offer an impartial assessment of network performance both during
and after training because they have no influence on training.

Implementation of the NN Model

The model is implemented in MATLAB as evident in figure 2:

< Meural Netwerk Training (nntraintoel) — >
Meural Network

Hidden output
Input E |i Output
4 3
10 =
Algorithms
Data Division: Random (dividerand)
Trainin g Scaled Cenjugate Gradient (trainscog)
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Fig 2. Neural network training interface.
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Figure 3 represents the performance of the ANN model during training, validation, and
testing phases across multiple epochs.

Best Valldation Performance Is 0035169 at epoch 10

Cross-Entropy (crossentropy)

1I5Eplrm:l|:
Fig 3. Training, validation and testing plot.

Here's an explanation of the elements in the figure 3:

Plotting cross-entropy loss against the number of training epochs, the diagram shows
how a learning model behaves. The horizontal axis shows the epochs, each of which
corresponds to a full pass through the training dataset, while the vertical axis shows the
cross-entropy loss, which measures the difference between the predicted outputs and the
true labels. Lower values indicate better model performance. There are three curves
displayed: The green curve shows the validation loss, which is used to evaluate
performance on unseen validation data and track overfitting; the blue curve shows the
training loss, which gradually reduces over time, suggesting that the model is gradually
learning patterns from the training data;

The graph highlights the point of optimal validation performance at epoch 10, which has
the lowest validation loss of 0.035169. This optimum is indicated by a dotted reference
line. Effective learning is first demonstrated by both the training and validation losses
decreasing; however, after epoch 10, the training loss keeps down while the validation
and test losses stable and slightly increase. The beginning of overfitting, in which the
model becomes overly specialized to the training data at the price of generalization, is
indicated by this divergence. Overall, the figure gives a clear picture of the training
dynamics and shows that epoch 10 is the best place to stop in order to strike a
compromise between generalization performance and learning accuracy.
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Training Confusion Matrix
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Fig 4. Training confusion matrix.

A confusion matrix is a tool used to evaluate the performance of a classification model by
comparing the predicted labels with the actual labels. Here's a detailed explanation of
the confusion matrix of figure 4 above. Components of the system description is below.
Class 1 is Grey-box

Class 2 is Motor

Class 3 is Coupling

With rows denoting the model's outputs and columns denoting the real labels, Figure 4's
confusion matrix clearly summarizes the model's classification performance by
contrasting predicted classes with the actual target classes. Class 1, Class 2, and Class
3 record 35 (36.1%), 30 (30.9%), and 31 (32.0%) correctly identified occurrences,
respectively. The majority of the entries lay along the diagonal, emphasizing valid
predictions across all three classes. There are very few off-diagonal entries, which show
misclassifications; only one case of class 2 was mistakenly forecasted as class 3, making
only around 1% of the total.

The model's excellent performance is further shown by the marginal totals: class 1 and
class 2 achieve 100% classification accuracy, while class 3 achieves 96.9% accuracy
with a negligible error rate of 3.1%. In a similar vein, the prediction-wise accuracy reveals
that almost every predicted label is accurate, with very little uncertainty between classes
2 and 3. Overall, the model provides high accuracy and dependable class discrimination,
as evidenced by the dominance of diagonal values and the extremely small off-diagonal
errors.

©Journal of Advances in Engineering Technology Vol.1(21), January — March, 2026
DOI 10.24412/2181-1431-2026-1-107-116



113

Journal of Advances in IT INFORMATION
Engineering Technology Vol.1(21), 2026 TECHNOLOGY
Validation Confusion Matrix
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Fig 5. Validation model confusion matrix.

Figure 5's confusion matrix shows a high degree of classification accuracy throughout the
three classes, with the majority of predictions falling along the diagonal. For class 1, there
are seven (23.3%) correct predictions, nine (30.0%) for class 2, and twelve (40.0%) for
class 3. There are just two instances of misclassifications, each accounting for 3.3% of
the total: one sample from class 2 is mistakenly forecasted as class 3, and one sample
from class 3 is mistakenly projected as class 2. Class 1 achieves 100% classification,
while classes 2 and 3 achieve accuracies of 90.0% and 92.3%, respectively, with tiny
error rates due to mutual confusion. This performance is further reflected in the class-
wise accuracy.
The strong diagonal entries in Figure 6's confusion matrix indicate that most samples are
correctly identified. In particular, eight cases (34.8%) are correctly classified as class 1,
eight more cases (34.8%) as class 2, and six cases (26.1%) as class 3. There is very little
misclassification, just one instance of a class 3 sample being mistakenly classified as
class 2, making up 4.3% of the total, while all other off-diagonal entries are zero. The
model's efficacy is further supported by the class-wise performance, where classes 1 and
2 attain 100% accuracy but class 3 records a little lower accuracy of 85.7% as a result of
this small confusion.
With very little overlap between classes 2 and 3, the data show good classification
performance overall. While Tables 1, 2, 3, 4, and 5 show the Distribution of Equipment
Reliability Matrix, Maintenance Cost Comparison, Maintenance Cost Breakdown,
Percentage of Total Maintenance Cost & Time, and Cost Savings with Al Predictive
Maintenance, respectively, Figure 7 displays the all-confusion matrix combining the
training, testing, and validation.
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Fig 7. All confusion matrix.
Table 1.
Distribution of equipment reliability matrix
Equipment MBTF Before MBTF After MTTR Before MTTR
Type (Hrs) (Hrs) (Hrs) After (Hrs)
A 480 1200 4 2
B 520 1600 6 3.5
C 600 1800 5 3
Table 2.

Maintenance cost comparison

Maintenance Strategy

Total Cost (#)

Al-Based Predictive 40,000
Reactive 75,000
Preventive 60,000
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Table 3.
Maintenance cost breakdown
Equipment Type Al-Based Reactive Preventive
Predictive Maintenance (#) Maintenance (#)

Maintenance (#)

A 15,000 20,000 18,000
B 10,000 18,000 14,000
C 25,000 37,000 30,000
Table 4.
Percentage of total maintenance cost
Maintenance Type Percentage of Total Maintenance cost
Al-Based Predictive Maintenance (%) 22.85
Reactive Maintenance (%) 42.86
Preventive Maintenance (%) 34.29
Table 5.
Time and Cost Savings with Al Predictive Maintenance
Parameter Al-Based Traditional Maintenance Savings
Predictive (Reactive & Preventive)
Maintenance (#)
Time (hours) 1320 1800 480
Cost (#) 40,000 135,000 95,000

The study's findings point to significant advantages for industrial predictive maintenance
procedures. Early detection of possible equipment breakdowns through the use of Al-
based models helps lower unplanned downtime and related maintenance expenses.
These models' predictive power also facilitates better maintenance planning, enabling
businesses to plan interventions ahead of time and distribute resources more effectively.
Because there is a far lower chance of unexpected malfunctions, equipment
dependability and operational lifespan are enhanced. Additionally, by reducing
maintenance costs and averting production losses, preventing significant failures adds to
overall cost savings. When taken as a whole, these benefits allow industries to take a
more data-driven approach to maintenance management, which improves operational
effectiveness and facilitates well-informed decision-making.

Conclusion

This study unequivocally shows that artificial intelligence, specifically, Artificial Neural
Networks, offers a potent and useful option for predictive maintenance in industrial
settings. The suggested Al-driven framework greatly increases the capacity to predict
equipment problems before they happen by utilizing high-quality sensor data and ongoing
monitoring, which enhances operational reliability and lowers maintenance costs. With a
failure prediction accuracy of 97.3%, a significant improvement in Mean Time Between
Failures of about 3,000 hours, and a decrease in Mean Time to Repair of 6.5 hours, the
ANN model's results are impressive.

When compared to traditional reactive and preventative strategies, these performance
advantages translated into significant economic benefits, resulting in maintenance cost
reductions of over 95 million Naira. This clearly shows the financial viability of Al-based
predictive maintenance. Additionally, improvements in equipment-specific metrics and
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the Equipment Reliability Index attest to the fact that implementing Al techniques
significantly increases equipment lifespan and reduces unscheduled downtime,
especially in critical systems like gearboxes and industrial machinery. All things
considered, this study broadens our understanding of industrial predictive maintenance
and offers compelling proof that using Al-based techniques can make maintenance
procedures more effective, dependable, and economical. Additionally, it establishes a
strong basis for further study and broader industrial use of intelligent maintenance
systems.
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