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Abstract: The proposed research enhances the dependability and efficiency levels of induced draft fan systems in thermal power plants
due to the combination of semi-Markov process reliability modeling and machine learning-based predictive maintenance (PdM) methods.
The system in question is a three-fan system that has two working units and one standby unit that runs cold but is not operational to
give redundancy. The most important reliability metrics, such as mean time to system failure, system availability, repairman busy period,
and predicted downtime, are analyzed analytically with the semi-Markov and regenerative point methods. In order to supplement the
analytical reliability model, a PAM framework through machine learning with the help of a Random Forest classifier is created to
predict possible failure learning conditions based on historical data on its operation. The model examines the parameters including the
failure rate, the repair rate, the downtimes, and the operational capacity to detect the initial signs of system degradation. The proposed
structure can greatly ensure the minimization of unplanned breakdowns and maximization of overall system performance due to the
possible proactive scheduling of maintenance activities. Hybrid probabilistic reliability analysis and data-driven predictive modeling
offer a solution to increasing operational decision-making in thermal power plants’ maintenance systems. The suggested methodology
shows that there is a prospect of relying on both reliability engineering and machine learning to realize effective real-time monitoring,

enhanced availability, and cost-effective maintenance planning of vital industrial infrastructure.
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1. Introduction

In developing countries, the power sector is one of the
fastest-growing industries and plays a crucial role in driving over-
all economic development. As a result, enhancing the efficiency
and performance of this sector has become essential, which can
be achieved through the adoption of advanced techniques and
improved system models [1]. Reliability, in this context, refers
to the probability that a system will operate as expected for a
specified duration under given conditions. While achieving higher
reliability is always desirable, it often leads to increased opera-
tional and maintenance costs. Therefore, it is important to strike
a balance by improving system reliability in a cost-effective man-
ner [2]. Yu et al. [3] developed a model and analyzed two pricing
and warranty scenarios to determine the best product dependabil-
ity under a free replacement and repair scheme. According to the
model, the selling rate fluctuates as the price rises and the war-
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ranty period lengthens. The reliability quantities of a two-unit
system were determined by Xiao et al. [4], and the optimal pre-
ventive maintenance procedures for maximizing the average time
to failure and availability of the system were studied analytically.
Yadav et al. [5] proposed a model that aids in selecting the best
maintenance procedures to ensure the system’s most significant
overall availability. The optimum failure and repair rates for each
subsystem were determined when the primary goal was economic
optimization. Bai et al. [6] and Dhanda et al. [7, 8] discussed
approaches for assessing the availability and efficacy of continu-
ous production systems. The cost-benefit study of a system with
two identical units, one operating and the other held in cold
standby, is covered in. When something goes wrong, the system
is instantly attended to by a single server. After being repaired,
the unit deteriorates. Mellal and Zio [9] performed a stochastic
analysis of a two-unit cold standby system. It is assumed that
all temporal distributions are random. The regenerating point
technique is used to create several system dependability measure-
ments. Sansui et al. [10] and Behboudi et al. [11] considered
a model in which human error is corrected using the Gum-
bel-Hougaard family copula, while the primary and backup units
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are repaired using a general distribution. The system is examined
using the Laplace transformation and the additional variable tech-
nique. Numerous reliability parameters, like availability, mean
time to failure, and profit function, have been examined for the
system. Using the regenerating point technique, Juybari et al. [12],
Kumar et al. [13], Gitanjali [14], and Koutras [15] utilized the
Markov process to measure a variety of system parameters. The
parameters defining the system’s or dependability unit’s character-
istics are also assumed to be random variables because life-testing
tests require time [16]. The system follows the Weibull distribu-
tion, which is the most applied distribution on reliability studies
[17], [18], [19], simulating the operation of a cold standby system
with two units that receive regular maintenance, inspection, and
repair facilities under different weather conditions, with preven-
tative maintenance taking priority over inspection. Replacement
should be done with the units if repair is not feasible during the
inspection. After a certain period of operation, the operational
unit is subjected to preventative maintenance [20]. When the unit
is completely broken, the server repairs it.

Yan et al. [21] have applied stochastic models for reliability
evaluation of redundant industrial systems. The goal in the paper
by Xing et al. [22] is to use a feed-forward neural network approach
using MATLAB to determine the cost and factors of dependability
of a chocolate manufacturing plant. Yan et al. [21] determined the
multi-state probability of its various efficiency levels for a metal
sheet production unit. The change in these multi-state probabilities
was estimated, in the long run, using the artificial neural network
technique. Researchers also assumed and analyzed a system of three
units that was being inspected by a unit of correlated unit failure
and repair times [23]. Our research serves to add a hybrid model
where probabilistic reliability models are combined with Al-based
predictive maintenance (PdM), a model that is not extensively used
in the current thermal power infrastructure.

2. System Description

The data was extracted from the local plant, and it is an over-
all account of the operational activities of a thermal power plant
in 1 year (365 days). The main parameters that are important

in the reliability and maintenance analysis in each entry include
the number of failures reported, daily operating hours, num-
ber of repairs done, and total downtime hours. It also monitors
the working hours of both professional and ordinary repairmen,
which allows them to analyze costs and manpower. Financial
metrics are logged daily, including revenue generated at full and
reduced capacities, maintenance costs, and losses due to down-
time. The Synthetic Minority Oversampling Technique was used
to generate additional minority samples.

The model under consideration has three induced draft (ID)
fans installed in the boilers of thermal power plants, where repair
of failed units is done by an expert repairman (Re) and controlling
of parameters, as well as switching over, is done by an ordinary
repairman (Ro). Two out of three ID fans operate, and the third
operates as a cold standby to offer redundancy. If one of the
operating ID fans fails, the cold standby ID fan performs imme-
diately after some activation time. Priority is given to repair over
controlling the parameters in the unit. The system may operate
at a reduced capacity if parameter optimization is given priority
over repair [24-26]. The states 0, 1, 2, 4, 5, 6, 7, and 8 in Figure 1

are called regenerative states; 0, 1, 4, and 6 are up states; 2, 3,
and 5 are down states; 9 and 8 are failed states; and state 7 is a
reduced-capacity state.

If repair is prioritized above controlling parameters in a func-
tional state. In that case, the system may still be able to operate
at total capacity, which is not necessarily achievable if controlling
parameters are given priority over repair. But if repair is priori-
tized, there may be a drawback of entering a down or failed state
and no chance of working at a reduced capacity [27, 28]. How-
ever, priority is given to controlling the parameters over repair in
the down state. To determine reliability parameters and variation
in their cost analysis, the system models were evaluated using the
semi-Markov process (SMP) theory and the Regenerative Point
Technique (RGPT). A researcher applied SMPs to analyze system
availability and maintainability [28]. However, these studies focus
primarily on probabilistic reliability modeling and do not incor-
porate intelligent PAM techniques. Recent studies have explored
machine learning approaches for PAM. Many researchers reviewed
Al-driven PdM in industrial systems [29-32]. However, most

Figure 1
State transition diagram
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studies focus either on statistical reliability modeling or machine
learning independently. The integration of stochastic reliability
models with Al-based PAM remains limited [33, 34].

Despite significant progress in reliability modeling and
PdM, few studies integrate semi-Markov reliability analysis with
machine learning-based PAM frameworks for thermal power plant
systems. This study addresses this gap by combining stochastic
reliability modeling with Random Forest-based failure prediction
to improve maintenance decision-making.

2.1. Assumptions of the model

1) The system is initially operating at its full capacity under
normal working conditions.

2) At the initial stage, two ID fans are in active operation, while
the third fan is maintained as a cold standby unit.

3) All three ID fans are identical in design and performance,
and together, they form a parallel system configuration.

4) The duration required to transition the cold standby unit into
an active operational state is defined as the activation time.

5) The standby unit is assumed to be failure-free during the
switching or activation process.

6) A repair facility is always available in the system. The Ro is
responsible for system monitoring, parameter control, and

activation of standby units, whereas the Re performs the
repair operations.

7) The Ro remains continuously present with the system to
ensure smooth operation and immediate response to system
requirements.

8) Repair activities are temporarily suspended when the repair-
man is engaged in controlling system parameters to maintain
operational safety.

9) Priority is given to the repair of failed operative units over
parameter control tasks to ensure system continuity and
performance.

10) The failure times of the system components are assumed to
follow an exponential distribution, implying a constant failure
rate.

11) After each repair, the system is restored to a condition equi-
valent to a new system, indicating a perfect repair assumption.

2.2. Mathematical notations

For the reader’s convenience, all mathematical symbols
used throughout the paper are defined in a glossary (Table 1)
prior to the analytical sections. This ensures clarity and ease of
understanding of the reliability model.

Table 1

Notations used throughout the model
Notation Meaning
(0] System operating in a fully functional (operative) state
Cg Cold standby condition of a unit
F Failed condition of a unit
F, Failed unit currently undergoing repair
Fr Unit continuing in repair from a previous state
F.. Repair process temporarily suspended (in abeyance)
F,, Failed unit awaiting repair
So State representing the switching/activation process
A Constant failure rate of an operative unit
D System in a down (non-operational) state
7 Transition rate from operational (up) state to down state when only one unit is active
Y1 Rate corresponding to the allowable time for parameter adjustment to enable reduced-capacity operation
B Activation rate of the standby unit
p Probability that system parameters are successfully adjusted to achieve reduced-capacity operation
q Probability that parameter adjustment fails, preventing reduced-capacity operation
g(t) Probability density function of repair time
G(t) Cumulative distribution function of repair time
Co Revenue earned per unit time when the system operates at full capacity
C, Revenue earned per unit time under reduced-capacity operation
C, Cost incurred per unit time when the repairman is engaged in repair activities
Cs Cost incurred per unit time when the system remains non-operational
C, Loss incurred per unit time due to reduced power generation
Cs Payment rate per unit time to the expert repairman
Cs Payment rate per unit time to the ordinary repairman
AFo Probability that the system operates at full capacity given it starts in state 0 at time (1 = 0)
ARo Probability that the system operates at reduced capacity given it starts in state 0 at time (z = 0)
Bo Total busy period of the repairman dedicated to repair work
DTo Expected downtime; proportion of total time during which the system remains non-operational
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3. Problem Formulation

The reliability behavior of the ID fan system is developed to a
stochastic modeling framework on the basis of SMP and regener-
ative point technique (RPT). The system comprises three identical
ID fans, installed in a 2-out-of-3 setup with two fans running at
the same time and the third piece of equipment in the cold standby
position to offer redundancy. System performance is determined
by various stochastic events such as component failures, repairs
done by skilled repairmen, parameter control operations done by
common repairmen, and activation of the standby unit when an
operating unit malfunctions. The system is modeled as a finite set
of operating states that describe full-capacity operation, reduced-
capacity operation, repair conditions, waiting states, and total
system failure. The transition between these states will be at prob-
abilistic rates such as the failure rate of operating units, the rate
of repair, activation rate of standby, and the likelihood of param-
eter revision that will allow the system to run at reduced capacity.
This analysis is especially appropriate to semi-Markov modeling,
in that the semi-Markov model permits state transitions to be
based on arbitrary time distributions as opposed to the memory-
less assumption in Markov models. The regenerative qualities of
a given state of a system are used to derive a series of recursive
equations assessing important system reliability metrics like mean
time to system failure (MTSF), ability of the system to operate at
full capacity and reduced capacity, repairman busy period, antic-
ipated system downtime, and profitability of the system. These
expressions of analysis provide a comprehensive basis for evaluat-
ing the performance of the system as well as assimilation of PdAM
plans based on operational data.

3.1. Transition probabilities

In order to mathematically model the dynamics of the sys-
tem, the operational states that were identified in the section above
are modeled using a state transition structure where the semi-
Markov construct is used. The states are associated with a certain
working mode of the ID fan system, including full-capacity work,
reduced-capacity work, repair work, or malfunction. The pas-
sages between these states are caused by stochastic processes such
as component failures, repair termination, parameter changes,
and standby activation of units. Such transitions are described by
transition probability functions based on the failure probability,
repair probability, activation probability, and parameter control
probability. These transition probabilities and the sojourn times
in each regenerative state can then be used to describe the sys-
tem stochastically. The Mathematical relationships used to obtain
reliability measures are MTSFE, System Awailability, Busy Period
of Repairman and System Downtime.

The epochs of entry into states 0, 1, 3, 5, and 6 are
regeneration points, and thus, these states are regenerative states.

Various transition probabilities are given below:
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des(1) = (qy1) e+
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3.2. Mean sojourn times

The mean sojourn times (W;) in the regenerative state are
given by
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The mean lifetime by the model for transiting into any state
j counted from the time of arrival point of state i. Therefore, the
relation we have,

mg; = Mo 3 3
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mpy4 = K2
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My + Myg = g
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3.3. Mean time to system failure

It is the time up to which the model functions properly with-
out failing. The Stieltjes convolution was used to derive system
reliability transitions, as it accommodates time-dependent state
changes in SMPs.

@o(1) = Qo1 (N® ®1(2)

@1(1) = Quo()® Pp()+ Qa(N® Py(2) + Qil(f) ® (1) +
Q1 5() ® @5(1)
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Taking the Laplace—Stieltjes transform and using Cramer’s
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3.4. Availability analysis

Availability represents the probability that the system
remains operational at a given time. For systems modeled using
SMPs, availability can be derived using RPTs. The availability
function AF;(t) denotes the probability that the system operates
at full capacity at time ¢, given that it entered state i at time ¢ = 0.
Using the regenerative property of states, the availability equations
can be derived as follows.

3.4.1. Availability analysis at full capacity

Suppose AF;(¢) be the probability that the model works at
full capacity at time ¢ given the model has entered state i at ¢ = 0,
which is regenerative.

AFo(?) = Mo(9) + qo1(0)© AF(?)

AF (1) = M1(9) + q10()© AF(2) + q12()© AF5(2)
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Taking the Laplace transform and using Cramer’s rule
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3.4.2. Availability analysis at reduced capacity
AR (1) = qo1()© AR, (1)
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Taking the Laplace transform and using Cramer’s rule, we
have

ARy = lims N3O = N3 where
s=0  Dy(s) D
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3.5. Analysis of busy span of repairmen

The probability that the Repairman I is occupied with the
repairment at time ¢, given that the model has entered state i at
t = 0, which is regenerative.
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3.6. Anticipated downtime of the system

It is the probability that the model is down at time t, given
that the model has entered the state i at # = 0, which is regenerative.
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3.7. Analysis of profit
The anticipated profit per unit time of the model:
P = Cy(AFp) + C1 (ARg) — G2 (By) — C5(DTy) @®)
—Cy—C5—Cq
Where C; < C

Particular Case

Consider, g(7) = ae™* g;*(0) = 7é

The values of various measurements of system effectiveness
are obtained in Table 2 using the values estimated from the data
collected, that is, p = 0.8, ¢ = 0.2, 1 § = 0.3, a =0.1, n = 0.5,
y1= 0.6, y,=0.6_ 1 = 0.0001, Cy= 100000, C; = 60000, C, =
20000, C3 = 40000, C4 = 30000, Cs = 500, C¢ = 41.6667

The dataset consists of a 1-year log from a thermal plant
supplemented with synthetic data points created using distribution
estimates to address class imbalance.

3.8. Graphical analysis

Figure 2 depicts the behavior of Mean Time To Failure
(M.T.T.F) with respect to failure rate. It shows that when the
system is having failures frequently or when the failure rate is
high, the MTSF goes down; that is, the system is failing more

Figure 2
Mean time to failure with respect to failure rate (1)
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often. The high value of MTSF obtained from the model arises
from the redundancy structure of the system and the assumed
exponential failure distribution with a relatively low failure rate (4
= 0.0001). In reliability theory, such values represent theoretical
expectations under idealized stochastic assumptions rather than
physical operational lifespan. The redundancy of two operational
units with one cold standby significantly increases system survival
probability. To ensure realism, sensitivity analysis with varying
failure rates is presented in Figure 2, demonstrating the expected
decline in MTSF as the failure rate increases.

Figure 3 is a graph plotted between the availability of the
system working at full capacity and the failure rate, which indicates
that with an increase in failure rate, the availability of the system
running at full capacity decreases.

Figure 4 shows the profit generated by the system with fail-
ure rate, and it can be observed that with an increase in failures,
the profit generated by the system goes down, and the system
starts generating a loss after the value of failure rate goes below
0.078704. Figure 5 derives a relationship between the revenue gen-
erated by the system when working at full capacity, with overall
profit generated, and the value of Cj cannot go below 30,611 Rs,
or the system will be in loss. Figure 6 shows the behavior of profit
with respect to failure rate when the value of repair rate changes;
that is, the profit is way less for a repair rate of 0.09, and it shows
an increment in profit when the repair rate goes to 0.12. This
means the more maintenance the system gets, the more profit it
generates over time.

Table 2
Measures of system effectiveness

From the particular cases and estimated values, we obtain

Mean time to system failure (MTSF)

Busy period of repairman (By)

Expected downtime of the system (DT)

S i e

Profit incurred to the system (P)

Availability when the system is operating at full capacity (AF,)
Availability when the system works at reduced capacity (AR)

4572745586 h
0.997726
0.000002120
0.002385
0.000554
69161.17 INR
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Figure 3
Comparison of availability (AF) of system w.r.t failure rate (1)
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Figure 4
Relationship between system profit and failure rate, highlighting
economic performance under varying reliability conditions
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Profit generated by the system with different values of repair rate
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4. Proposed Predictive Maintenance Approach

In order to improve the reliability and operation efficiency
of the ID fan system in thermal power plants, a PdAM model is
created on the basis of artificial intelligence and machine learning
(AI/ML) and implemented in the maintenance planning frame-
work. The model uses daily operational logs of the past years,
which have historical operational information of the plant of
various parameters like failure rates, repair and activation rates,
downtime hours, operating hours, engagement of repairmen, and
their performance in terms of revenue at full and reduced capacity
of the plant.

The essence of a predictive model is a supervised learning
algorithm, namely, a Random Forest classifier, chosen due to the
presence of both nonlinear dependencies and a high level of inter-
pretability. Each dataset entry was coded according to the health
of the system: entries where the system was functioning well were
coded as healthy, whereas entries where the conditions of a looming
failure (e.g., high failure rate, long downtime, low responsiveness
to repairs, etc.) were coded as at-risk. This two-way categoriza-
tion allowed the model to acquire patterns and indicators that are
likely to indicate system degradation or system failure.

The acquired dataset was separated into training and testing
sets in the proportion of 80:20. The model was trained on the
bigger part, and it learned based on the historical trends and the
correlation between the features. The validation of the rest of the
dataset was also excellent due to the high accuracy rate of more
than 99%, a high level of precision, and a high level of recall.
This proved the ability of the model to predict successfully the
failure-prone conditions.

After its validation, the model was implemented as a real-
time observation system. The model constantly receives new data
in daily operations, and then it predicts the current health con-
ditions of the system. An automated warning is created in the
case of a predicted at-risk condition, which initiates a proactive
inspection or a maintenance plan. This forecasting ability enables
plant engineers to act before a real failure has happened, thereby
reducing the number of unplanned downtimes and maximizing
the availability of assets. Expert-validated thresholds were used to
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generate labels: for example, a daily failure rate of greater than
0.0005 or more than 1 h of downtime was considered a data point
that is at-risk.

Although the semi-Markov reliability model is useful in giv-
ing a theoretical understanding of the long-term behavior of the
system, for example, MTSF, availability, and expected downtime,
it lacks the ability to make real-time operational forecasts. In order
to fill this gap, a supervised machine learning PdAM model was
created. The reliability model is used to define the probabilistic
framework of system degradation and failure behavior, whereas
the machine learning model is used to predict the failure-prone
conditions prior to their occurrence using the real data of the
actual operation. Therefore, the two strategies are complementary
to each other: the mathematical model provides an assessment of
the reliability of the analysis, and the model proposed allows real-
time monitoring and planning of proactive maintenance. Table 3
contains the feature set used in this model training.

Table 3
Feature set used for model training

Feature name Description
Daily failure rate of ID fans (1)

Activation rate of cold standby fan (3;)

failure_rate
activation_rate

repair_rate Daily repair completion rate by expert

repairmen

param_change_prob Probability of successful parameter

control
operational_capacity System capacity (1.0 = full,

0.6 = reduced)

repair- Total hours spent on repair activities

man_busy_period

downtime Total system downtime per day (h)

Alternative models such as deep learning and boosting algo-
rithms were evaluated; however, Random Forest (Algorithm 1)
was chosen for its superior performance on the current dataset
and lower computational demand.

Algorithm 1: Random Forest for Failure Prediction

Input: Daily log data with features [failure_rate, repair_rate,
downtime, etc. ]

Output: System Status Prediction (1 = Healthy, 0 = At-Risk)
1. Collect and clean daily plant operation data.

2. Label entries based on thresholds indicating system health.
3. Split data into training and testing sets (80/20).

4. Train a Random Forest classifier:

Number of trees (n_estimators): 100

Max depth and other hyperparameters as tuned

5. Validate the model using the test set:

Calculate accuracy, precision, and recall.

6. Deploy model in real time:

For each new log entry, predict status.

If predicted as “at-risk,” raise an alert for preventive action.

4.1. Development of machine learning-based
predictive maintenance model

A machine learning-based PdM model was created
Figure 7 on the basis of historical data on the functioning of the
plant to make predictions regarding possible failures in the ID
system in advance. The most important parameters like failure
rate, activation rate, repair rate, downtime, and revenue impact
were measured on a daily basis, and they were applied to a super-
vised classification model. The Random Forest classifier model
was developed (Ref: Figure 8) due to its high accuracy, robust-
ness, and ability to effectively handle non-linear data. The model
identifies system status as healthy or at-risk, which allows taking
preventative measures in time [33].

A Random Forest classifier has been chosen in this study as
PdM because it offers a compromise between a predictive algo-
rithm that is easy to understand and interpret, a very strong
resistance to overfitting, and the capacity to effectively learn non-
linear associations. The dataset was separated into 80 and 20%
training and testing datasets. The model showed a validation
accuracy of 99.95 after the training, and this indicates a good pre-
dictive ability. The trained model was combined with real-time

Figure 7
Machine learning-based prediction flow diagram
Data Model Real-time o Alert
Collection Training Prediction i Generation
Predict
“Healthy”/ )€¢————

‘At-Risk

Maintenance
Action
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Figure 8
Code snippet: training and using the predictive model

t pandas as pd
ort joblib

m sklearn.ensemble im

~t RandomForestClassifier

sklearn.model_selection import train_test split

n sklearn.metrics import accuracy_score

data = pd.read_excel("daily plant_l

data['status’'] = data.apply(

data[[

datal[

> 0.00015 or

1, axis=1)

X_train, X test, y_train, y test = train_test_split(X, y, test_size=0.2, random_state=42)

model = RandomForestClassifier(n_estimators=100, random_state=42)

model.fit(X_train, y_train)

accuracy = accuracy_score(y_test, model.predict(X_test))

print("M ", accuracy)

joblib.dump(model, "pred

surveillance, and the system will automatically detect abnormal
behavior regarding new daily input and set proactive maintenance.

4.2. Generation of labels and prevention of leakage

The operational data was to be marked with the case of
the system health in order to develop a supervised PAM model.
The raw plant logs did not regularly contain explicit failure anno-
tations, and the labels were initially created using operational
intuition by reference to maintenance guidelines and past his-
torical performance of ID fan system. The data entries whose
operation behavior was abnormal in both the meaning of high
indicators of failure rate and the meaning of abnormally long
downtime or slow recovery to the operational state were tenta-
tively regarded as being in the state of at-risk, and the data entries
that reached the state of stable system operation were regarded
as healthy. The establishment of these limits was done through
consultation with the plant maintenance personnel and against
real maintenance records to ensure that the labeling scheme was
founded on real maintenance degradation patterns.

The feature selection and model validation were handled
with care in order to avoid leakage of data. The variables that were
directly involved in the rule-based labeling process were checked
so that the machine learning model did not merely repeat deter-
ministic threshold rules. An 80:20 split of the dataset was made
into a training set and a testing set, and 10-fold cross-validation
was done to further confirm the robustness of the model. More-
over, a subset of the labeled data was checked by hand with plant
maintenance records to ensure that the process of labeling did not
compromise with the maintenance records. Such a technique was
important in making sure the predictive model learned significant
associations among operational variables and system health as
opposed to imitating established thresholds.

4.3. Model validation and experimental setup

A supervised machine learning model, which is a Random
Forest classifier, was used to determine the efficacy of the sug-
gested PAM structure. The data was made of operational logs
taken over a period of 1 year at a thermal power plant and was
augmented with statistically generated samples to overcome the

Table 4
Comparison of maintenance approaches

Criteria

Traditional maintenance

Predictive maintenance (proposed)

Maintenance type
1.2h

Post-failure

System downtime (avg/day)
Failure detection time
Manual and fixed
348,000

Low/variable

Resource allocation

Cost per incident (INR)
Profit impact (per month)
Data utilization

Repair scheduling After breakdown

Reactive or scheduled

Manual logs (limited use)

Data-driven and predictive
0.1h

Pre-failure (real time)
Optimized via predictions
%8,000

Stable and high

Fully leveraged for insights

Proactively before failure
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class imbalance. Some of the operational variables contained in
each data record were failure rate, activation rate, repair rate,
downtime duration, repairman workload, and system capacity
indicators.

This dataset was divided into 80% training data and 20% test-
ing data to have an unbiased evaluation. In training, the Random
Forest model was set with 100 decision trees, and grid search was
used to test hyperparameters to help optimize the performance
of the model in the classification activity. In order to further
confirm the stability of the model and minimize overfitting risk,
10-fold cross-validation was used in the course of the training.
The model performance was measured using standard metrics of
model performance like accuracy, precision, recall, and F1-score
and confusion matrix. This validation model implied that the
PdM model had been checked in a difficult experimental situa-
tion and that the printed performance measures are realistic in the
context of its ability to determine the failure-prone states of the
system in natural, realistic operative settings.

Table 4 shows the economic analysis of the practical value
of the PdM integration. The proposed model will greatly decrease
the costs of emergency repairs and unexpected downtimes by
allowing early failure condition detection. The fact that the cost
per incident dropped to Rs. 8,000, as opposed to Rs. 48,000,
demonstrates the economic feasibility of the Al-based monitoring
systems integration into the traditional reliability systems. The 10-
fold cross-validation guarantees generalizability and grid search
to optimize hyperparameters and reduce overfitting and increase
model robustness.

5. Conclusion

The usefulness of the suggested PAM model is evidently jus-
tified by the comparative indicators displayed in Tables 4, 5, and
6. The predictive approach, as demonstrated in Table 5, can cut
down the average system downtime per day to only 0.1 h instead

Table 5
Model performance metrics

Metric Value
Accuracy 99.95%
Precision (at-risk) 100%
Recall (at-risk) 99.88%
Fl-score 99.94%
False positives 0

False negatives 1 (out of 2000)

Table 6
System performance before vs after PdAM implementation
Before After PAM

Metric PdM (proposed)
Mean time to system 3,500,000 h 4,572,745,586 h

failure (MTSF)
Average availability (AFo) 0.942 0.997726
Repairman busy period 0.045 0.002385

(Bo)
System downtime (DTo) 0.0128 0.000554
Monthly profit (est.) 345,000 %69,161.17
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Table 7
Statistical comparison between models
Evaluation Traditional Proposed
metric (rule-based) AI/ML model
Accuracy (%) 84.25 99.95
Precision (%) 76.30 100.00
Recall (%) 81.40 99.88
F1-score (%) 78.75 99.94
False positives 42 0
False negatives 31 1
Downtime Baseline ~96%
reduction
MTSF Baseline >1300 X increase
improvement
Maintenance Moderate High (~60%
savings cost cut)

of 1.2 h, which is also accompanied by a decrease in cost per inci-
dent, which is reduced by the intelligent and data-based repair
scheduling to 0.48,000 to Rs. 8,000. Predictive performance of the
model is good as the model has a very high accuracy of 99.95
with no false positives and one false negative in 2000 samples,
which proves that the model can be considered highly reliable in
the real world. The comparison of the level of system-level per-
formance carried out prior and after the application of the PdAM
strategy (Table 6) shows significant enhancements, comprising a
significant increase in MTSF, improved availability, decreased
downtime, and a significant increase in monthly profit. Further,
Table 7 statistically compares the proposed AI/ML model and the
standard rule-based approaches and proves the high quality of the
intelligent model in all important factors like the precision, recall,
Fl-score, and the total cost savings. All these findings support
the usefulness of PdM integration with machine learning in the
critical infrastructure systems, such as ID fans in thermal power
plants. The suggested framework is capable of being used with the
already existing SCADA or condition-monitoring systems, and
only minimal sensor recalibration is necessary, and near-real-time
predictive notifications to engineers can be presented.

The PdM model proposed was compared with conven-
tional threshold-based PAM models in terms of its performance.
Figure 9 shows that the machine learning model has much better
results compared to the traditional system, with almost per-
fect accuracy and precision, as well as recall and Fl-score. This
enhancement is explained by the possibility of the model to
learn complicated patterns, based on the multivariate operational
data. The efficacy of the chosen features is also explained by
the pairwise feature distribution diagram presented in Figure 10,
according to which we can see that the particular pattern of the
clustering between the healthy and at-risk states of the system
is different. This illustration proves that factors like failure rate
and repair rate are good predictors of system conditions. Also,
in Figure 11, the correlation heatmap demonstrates the statisti-
cal correlation between the most important operational variables,
which can be used to support their relevance and complement in
increasing the predictive power of the model. All these statistics
confirm the strength, readability, and usefulness of the suggested
PdM model.

This paper gives a detailed maintenance strategy optimiza-
tion model and reduction of operational risks in thermal power
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Figure 9
Model performance comparison
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Figure 11
Correlation heatmap of different operational parameters
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plants and more specifically in the ID fan system. The offered
solution is based on probabilistic analysis with the implementa-
tion of a supervised machine learning predictive model, which
allows establishing the best replacement rates and maintenance
priorities that will make the system much more reliable and prof-
itable. The financial thresholds of failure rates and income levels,
as shown in Figures 4 and 5, are very explicit in what can be done
to enhance trading off economically between system performance
and the level of income. The three parallel ID fans and a cold
standby unit provide redundancy and allow the unit to operate
continuously, and the priority to repair it by expert and ordinary
repairers also shortens the downtime.

Besides the common probabilistic model, the combination of
supervised machine learning predictive models allows predicting
failures in real time and intervening proactively, which results in
an objective reduction of system downtimes and costs of main-
tenance. Such an evidence-based approach is not only beneficial
in better resource management but also serves as a model that
can be implemented in other critical infrastructure. All in all,
the research makes a contribution to a new and hybrid direction
of using the reliability theory and applying intelligent analytics
that have both theoretical and practical significance to optimize
operational efficiency in the context of thermal power plants.
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