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Prediction of BTS Power System Failure

Abstract
Loss of power system integrity in Base Transceiver Stations (BTS) can have
significant impacts on communication networks, causing service outages and loss of
revenue. This study was focused on developing and testing machine learning models
to predict BTS power system failures so that maintenance can be performed before
system failures occur. The models tested were Hidden Markov Models (HMM), Long

Short-Term Memory (LSTM), and Random Forest (RF).

The data used for this research included 46,943 records from ethiotelecom’s (ET)
monitoring system. ET’s provided information related to variables sourced from
monitoring features that impact power system failure, including environmental, load,
battery, or other BTS-based metric records. All these data were pre-processed.
Before feature analysis, Z-score normalization was conducted to standardize the
data. After this data preparation step, principal component analysis (PCA) was
undertaken to perform feature analysis. In addition, K-means clustering was also
applied to categorize the hidden states ("Normal,” 'Degraded,” and 'Failure’) and

group the observable sequences.

The HMM was trained using the Baum-Welch algorithm, and the Viterbi tech-
nique aided state prediction. To enhance performance, a range of hyperparameter
approaches were applied to the RF and LSTM models. With a 97.72% F1-score,
98.04% accuracy, 98.08% precision, and 98.04% recall, compared to the other two
models, the HMM performed better when load-related parameters were observable.
With an accuracy of 97.81% and an Fl-score of 96.74%, the LSTM model came
in second place for identifying temporal connections in the data. Despite being
robust, RF’s performance metrics were marginally worse, with an F1-score of 93%
and an accuracy of 95%. The study’s conclusions show that the best model for
forecasting BTS power system breakdowns is HMM. Due to its exceptional precision
and dependability, ethiotelecom can enhance network performance by facilitating

proactive maintenance, reducing downtime, and increasing user satisfaction.

Keywords: BTS, power system failure, HMM, LSTM, RF, prediction
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1 Background and Motivation

1.1 Introduction

In today’s interconnected world, reliable communication networks are essential for main-
taining seamless connectivity and enabling efficient data transmission. The evolution
of global network infrastructures is closely linked to advancements in BTS and their
power systems, which play a pivotal role in modern mobile telecommunications. As
generations of mobile networks have evolved from 2G to 5G, the BTS systems have also
evolved with more complex features, as mobile systems now need to provide support
for the ever-increasing amount of internet traffic demands from different sectors such
as banking, healthcare, and manufacturing. BTS are the main elements of any wireless
telecommunication network, whereby they are responsible for transmitting and receiving
signals over the air from mobile portions of the network while transmitting signals to
wired portions of the network [1]. The operational efficiency of BTS depends heavily on
its power supply systems, which must ensure continuous functionality to provide users
with uninterrupted access to services. Such power systems are very important to prove
that communication services are reliable and accessible, which in turn has a direct impact

on the continuous operation of the stations.

For the BTS’s uninterrupted power, the worldwide telecom industry has gone a long
way. Modern BTS are composed of batteries, rectifiers, backup generators, power manage-
ment systems, and many other components. This invention’s infrastructure is designed
to withstand even power outages or unstable electrical grids without an issue. These
significant developments notwithstanding, it is a difficult task to provide a reliable power
supply for these BTS [2|. Moreover, not only can hardware failures, grid outages, or severe
weather rouse such situations, but the communication disruption caused by such failures
may be very substantial. On top of short-term service drops, the consequences harm
revenue sources, user satisfaction, and overall user happiness.

Telecom operators are placing a higher emphasis on predictive problem management and
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proactive maintenance to reduce these risks. Operators of power systems can significantly
reduce trouble by anticipating failures in BTS units. They might even limit the uptime
losses significantly if they had preventive measures in place. Network performance is im-
proved, and user experience is also better during service restoration, while the restoration
process turnaround time is shortened with both proactive and rapid response measures.
Primary and backup power systems are usually included in a BTS’s power design, which
applies both AC and DC components for redundancy [3]. Yet the difficulties of these
systems, along with the changing conditions of the grid, make them work harder and

create a greater need for distinct techniques.

Traditionally, power outage management was reactive, where operators only took
action after an incident occurred. Nevertheless, the strategy is being changed by ML algo-
rithms, which are very good at recognizing the very small trends in past data that would
then be used for insights that can be unknown to human analysts. Service interruptions
can be minimized by operators if they use these models to forecast service disruptions
and thus perform preventive interpolation. Predictive analytics is the instrumentation
that ML is using to renew industries such as healthcare, manufacturing, and energy
grids [4]. This trend is also becoming more popular in telecom infrastructure. The
employment of ML in failure prediction is quite advantageous. It allows operators to
change the old parts before they break down, time their rest for times when the load is low,
and even make sure the backup system is fully operational. HMMs have indeed been se-

cured to be good examples in a power system that records data over time to predict failure.

This paper studies the applicability of HMMs, LSTM, and RF models for predicting
power outages in the BTS network. The study compares various methods in an effort
to give E'T practical ways to improve power grid dependability. By doing this, it hopes
to assist Ethiopia’s telecom industry in satisfying the needs of a society that prioritizes
digitalization, guaranteeing steady service availability, and promoting customer satisfaction

in a time of speedy technical advancement.
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1.2 Statement of the Problem

Base Transceiver Stations (BTS) are the foundation of contemporary cellular networks,
providing extensive coverage and satisfying the ever-increasing demand for connectivity.
However, their dependability depends on reliable power sources, and network instability,
service outages, and financial losses might result from weakness in their power infras-
tructure. Operators can no longer afford to rely on reactive solutions; proactive failure
prediction is increasingly essential to preserving user confidence and ensuring uninter-

rupted service.

Manual rules or static thresholds are frequently used in traditional failure prediction
techniques. Despite being easy to put into practice, these methods are not flexible enough
to handle the dynamic, linked character of contemporary power networks. Voltage fluctu-
ations, temperature variations, and progressive equipment degradation are examples of

less evident interactions between factors that they overlook, which compromise.

ML represents a significant shift in technology. Unlike traditional rule-based systems,
it excels at analyzing complex and dynamic relationships in power systems. This ability
allows it to generate highly accurate failure forecasts. By examining historical power
system data, the model can identify and predict potential disruptions. This capability
empowers operators to act before issues arise, improving system reliability. In this study,
we developed a predictive model using HMM, LSTM, and RF algorithms. To evaluate
their performance, we tested them on real-world power system data from ET. Notably,
the HMM-based framework takes a probabilistic approach to predicting failures. It helps
operators focus on critical maintenance tasks and make informed decisions about deploying

backup power.

Operators would be better equipped to proactively manage risks, reduce downtime, and
improve network resilience with a dependable and flexible prediction model for BT'S power

failure. This directly translates to enhanced consumer satisfaction, decreased operational
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costs, and improved service availability. In an era when reliable communication is a must,
the main aim of this study is to improve Ethiopia’s telecommunications network so that

there is no interruption in connectivity.

1.3 Literature Review

Many researchers have comprehensively surveyed the literature to identify the best
predictors of power system failure, which is their main focus in various fields, such as
electrical networks, BTSs, energy consumption, and others.

In [5], a new approach was introduced for forecasting power transformer faults based
on HMM along with dissolved gas analysis (DGA). The authors utilized the Gaussian
mixture model to locate stable patterns of transformer health and improve the accuracy of
fault detection. It emphasizes the importance of cross-validation in confirming the model’s
reliability and reports high performance of the model in fault diagnosis and transformer
condition assessment. Such a method illustrates the potential of combining ML, with DGA
data for the development of energy systems and provides a feasible instrument for the

failure-free operation of the power grid.

In [6], the role of ML in the prediction of power failures in telecommunication networks
is presented, and it is shown that proactive maintenance can not only reduce outages
but also financial losses. Their work establishes the comparative performance of models
such as convolutional neural networks (CNNs), LSTM networks, and hybrid CNNs with
LSTM techniques, hence demonstrating their capacity for network reliability improvement
and downtime reduction. The LSTM model was the best, of course; it reached the mean

square error of 0.001 and the mean absolute percentage error of 1.194.

In [7], the authors evaluated the performance of HMMs for forecasting energy demand
in residential houses and compared HMMs with the performance of artificial neural net-
works (ANN’s), SVMs, and classification and regression trees. According to the authors,

HMMs are particularly suitable for capturing the seasonal effect in energy consumption
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when real data from Seoul, South Korea, is used. They further explain that the HMMs
are very much in line with the model’s capabilities and, if the analysis is conducted in

this way, HMMs are the best fit for analyzing time series data.

In [8], a researcher utilized LSTM and Gated Recurrent Unit (GRU) models to forecast
power system failures in BTS, thereby enhancing network reliability and service quality.
To explain the shift in the communication industry from reactive repairs to proactive
maintenance, the authors used a collection of 11 features, such as DC/AC output voltages,
temperature, and bus bar voltage, from five BTS sites over 20 weeks. The study provides
an example of early failure detection by comparing the performances of LSTM and GRU
to demonstrate their effectiveness in reducing service interruptions, protecting revenue
sources, and ensuring uninterrupted connections for users. In addition, the paper [4]
discusses a common problem of power outages in BTS that not only cause disruptions
in telecom services but also result in customers who are not satisfied. Their predictive
maintenance model, developed by the XGBoost algorithm within the Team Data Science
Process (TDSP) framework, got an accuracy of 97% in detecting power system risks for
Econet Wireless in Zimbabwe. The study goes beyond technical issues and highlights the
financial benefits of predictive measures, like less downtime and better service reliability;
thus, the role of the advanced ML techniques in the sustainable running of the telecom

industry is reaffirmed.

In [10], HMMs were applied in a pulp industry case study to forecast the condition
of drying presses. The HMM is trained on sensor data sampled every minute for almost
four years and finds three main operating modes: “Normal Function”, “Warning Signs,”
and “Imminent Failure.” The latter can be detected with this system quite promptly and
allows the team to coordinate the repair in such a way that the downtime is minimized
and the lines continue to run with no interruptions. Moreover, [9] improved on the initial
studies by joining HMMs with GRUs to predict pulp press failures up to seven days ahead.

The technique is an m-step sequence: first, sensor data is cleaned; then, key patterns are



Prediction of BTS Power System Failure 6

identified; after that, data complexity reduction is done; subsequently, k-means clustering
is applied to trend grouping; finally, HMM is trained to classify equipment health. The
GRU then decides to use these facts for the extrapolation of the future. The authors of
this fusing model point out that early failure detection and change of the algorithm are
possible as long as they can adapt to different types of machinery and different sensors

without being provided with data.

In [11], the authors discuss the issue of device failures in the industrial anode produc-
tion process and suggest ML models trained with nine months of continuous sensor data
as a solution. Their goal was to predict the forecast 5-10 minutes before the problem
occurred and move from routine maintenance testing to an aggressive data control strategy.
Decision Trees (DT) and RF rose, and risk was recognized in 60% of cases within the
critical 5-minute window. Although this study highlights how even basic ML models can
reduce unplanned downtime, the authors combine them with recurrent neural networks to

propose sharper predictions.

In [12], the author introduces a cutting-edge approach to detecting and classifying
faults in power transmission lines. Their hybrid model, combining RF, LSTM, and a
tuned K-Nearest Neighbors (KNN) algorithm, achieves near-perfect accuracy—99.96%
for multi-label fault classification and 99.85% for binary classification. To address data
imbalances, the team uses techniques like SMOTE (Synthetic Minority Over-sampling
Technique) and optimizes performance with Particle Swarm Optimization. Tested on
a comprehensive Kaggle dataset, the model outperforms traditional methods, offering

utilities a powerful tool to enhance grid reliability and reduce outage risks.

In [13], the paper evaluates deep learning models for multistep time series forecasting,
comparing standard RNNs to advanced LSTM variants like bidirectional and encoder-
decoder architectures. While basic RNNs struggle with long-term patterns, LSTMs excel

at capturing complex temporal relationships, delivering superior accuracy on benchmark
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datasets. However, the study notes that even advanced models lose precision when pre-

dicting further into the future.

In [14], demonstrated that LSTM neural networks excel at predicting voltage stability
in power systems. In tests using the IEEE 33-bus system, LSTMs achieved near-perfect
accuracy of 99.5%, outperforming alternatives like Support Vector Machines (SVMs),
Naive Bayes, and Convolutional Neural Networks (CNNs) in both speed and precision.
Crucially, LSTMs succeed with sequential data, such as real-time grid fluctuations, making
them ideal for dynamic stability assessments. This capability allows power operators to
monitor grid health instantaneously, identify risks proactively, and make faster, data-
driven decisions. The findings underscore LSTMs’ potential to transform voltage stability
analysis, providing grid operators with precise, actionable insights to safeguard energy

infrastructure.

1.4 Objectives
1.4.1 General Objective

The main aim of this research is to perform a comparative analysis of ML models for
predicting power system failure in BTS, with the emphasis on the most efficient model

identification.
1.4.2 Specific Objectives

To achieve the general objective, we have to formulate these specific objectives:

B Conduct an overarching study of the power sources utilized in BTS sites and the

interconnection of power systems within these sites.

B Explore various power system alarms that occur in BTS sites and analyze their

underlying causes.

B Find out the most important features that can help in the prediction of the BTS

power system failure.
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B Evaluate the potentiality of a designed model.

B Clarify the data resulting from the assessment and then provide insightful conclusions.

1.5 Scopes and Limitations of the Research

This research focuses on applying ML models to predict BTS power system failures in the
context of the E'T around Addis Ababa. The study uses a dataset from ET and evaluates
the performance of RF, LSTM, and HMM models. It also compares their performance

and identifies the best model for predicting BTS power system failure.

1.6 Methodology

The research outlined here starts with its greatest goal by reviewing various related
papers: BTS power system failure prediction using historical data from the ET’s network
and environment monitoring system (NetEco). The dataset contains several critical
features, like the stability of the mains power, performance of the DC distribution groups,
environmental factors, and battery health indicators. At first, the raw data is cleaned to
eliminate errors and to avoid redundancy of information, then scaled to normalize features
like voltage and temperature, and finally transformed to comply with the requirements
of ML feature extraction (PCA), where PCA is used to reduce the dimensionality of the
data while retaining essential information. K-means clustering can divide the past data
into groups that match these states, thus providing a structure to train an HMM. The
HMM can recognize patterns by the Baum-Welch algorithm to find initial, transition, and
emission probabilities. On the other hand, the Viterbi algorithm is like a tool that helps
to draw a map of the most likely path that the hidden states will take, for instance, if the
process changes from “degraded” to “failure.” To better improve the performance, RF and
LSTM models are also trained, making use of their advantages in dealing with nonlinear
relations and changes of the past. Figure 1.1, shows the overall methodology to compare

three machine learning models for predicting BTS power system failures.
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Figure 1.1: Overall Methodology of the BTS Power System Failure

1.7 Contribution of the Research

This study is designed to bring significant improvement to ET’s network management
and user experience. Through forecasting the power system failure in BTS before the

occurrence of the issue, the suggested model will enable ET to:

Continuity of service thus ensures that consumers can access services without any

interruption because the power issue is solved proactively.

Avoiding failures allows emergency repairs of lower cost and replacement of fewer

parts.

The reliable service with less disturbance creates trust and loyalty among users.

Future investigation and advancement in power system administration are the

research potential.
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2 Overview of Base Transceiver Station Power System

2.1 Base Transceiver Station Power System

A BTS is an essential part of telecommunications systems, especially in cellular networks,
where it is the main channel of communication between user equipment (UE), like mobile
phones, tablets, or other wireless devices, and the telecom network infrastructure [1,3].
It carries out the task of wireless communication by sending and receiving radio signals
within the given space, here known as a cell. A BTS is most often composed of antennas,
transceivers, and control units, which complement each other in carrying out the basic
processes of mobile communication. The main goal of a BTS is to provide uninterrupted
connectivity for voice, data, and multimedia services by regulating and controlling the

transmission of signals between mobile devices and the network.

A BTS is a major contributor to the performance of several key functions. It handles
sending and receiving radio signals so that users and the network can communicate
efficiently. Besides, it connects to the Base Station Controller (BSC), which is respon-
sible for directing the traffic of the core network for the necessary operations. Also,
the BTS is the main party in the handover operations, thus assuring that users get
uninterrupted service when they are changing cells. The BTS is also a power control
unit that adjusts the strength of the signal in order to have the best performance and
minimum interference. Therefore, the BTS is a fundamental element of mobile networks
that support such technologies as GSM, UMTS, LTE, and 5G. The BTS units have been
improved a lot to be able to support faster data transfer, lower latency, and better spectral
efficiency in the course of the development of mobile networks. In the case of 4G and
5G networks, BTS units may be known as eNodeBs or gNodeBs, which represent their

new features that allow them to be used in such applications as [oT devices and smart cities.

Typically, BTS sites connected to the grid experience power interruption at a high

level, necessitating a reliable backup power system. Providing power to the BTS sites that
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is very reliable and consistent is very important if we want to make sure that the operation
of these BT sites is not interrupted in any way. On the other hand, any power disruption
can result in service outages [15]. In order to come up with solutions for this problem,
we suggest a complete system framework that integrates different configurations for BTS
power systems. The main goal of this framework is to make sure that power delivery to
BTS sites is still uninterrupted and continuous, thus eliminating power fluctuations in the
grid and maintaining reliable telecommunications services. The focus of this method is
not only on redundancy, but also on the flexibility of the power solution to satisfy the
different needs of the BTS operation. The different BTS power system configurations are
defined in [28]:

e BTS with mains and battery storage (Figure 2.2a)

e BTS with mains, diesel generator, and battery storage (Figure 2.2b)

e BTS with mains with a Solar PV system and Battery storage (Figure 2.2c)

e BTS with mains with Solar PV system, DG, and Battery storage (Figure 2.2d)

These configurations and performance requirements for BTSs vary widely due to different

factors. This includes the following considerations:
e Is the site outdoors or indoors?
e Does the site have adequate space?
e Where is the site located?

The different configurations of the BTS power systems are, as shown in Figure 2.2,
the key to ensuring reliable operation under changing conditions.

The uninterrupted work of a BTS is extremely dependent on a reliable power system,
since power failures might cause immediate service interruptions. Most of the time, BTS
sites prefer grid electricity as their primary power source. However, the use of various
backup systems such as battery banks, DG, and UPS can be of help for the continuation of

operations during power outages. In addition, renewable energy sources like solar panels,
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Figure 2.2: Various Configurations of BTS Power System [28|

wind turbines, and hybrid systems are the most progressive and favored techniques for

supplying power in remote and off-grid areas.

Power failure at BTS sites can bring a disaster to network performance. Firstly, the
most direct consequence is a complete loss of service in the affected area, followed by the
discontinuity of voice, data, and multimedia communication. This risk can be critical,

supposing an emergency when reliable communication is essential.

2.2 Components of a BTS Power System

The different components and their functions of the BTS power system are explained

in [16].
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2.2.1 Main Source of Power

A BTS depends mainly on grid power, which is supplied from the utility power, to ensure
its operations run without interruption and maintain dependable communication services.
The electrical grid delivers AC power at voltage levels of 220V or 380V, based on regional
infrastructure needs and the power requirements of the BTS. Telecom industries use [16]
-48VDC as a standard voltage because DC power provides stability and minimizes power
fluctuations that could damage electronic devices. The stable power supply is essential for
maintaining uninterrupted system performance and reducing power-related interruptions
in telecommunication networks.

Power grid reliability can have multiple causes, including natural disasters like storms
and earthquakes, and infrastructure breakdowns, including damaged power lines and
equipment failures. Frequent power outages in certain regions can lead to significant
disruptions of BTS operations, which result in network downtime and loss of connectivity

for users.
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2.2.2 Backup Power Systems

Telecommunication network stability and functionality remain preserved during power
outages thanks to BTS’s deployment of robust backup power systems [28]. BTS sites
receive protection from power disruptions through backup power systems that consist of

UPS units, battery banks, and diesel generators.

Diesel Generators (DG): Diesel Generators are the mainstay of the backup power
infrastructure in the BTS site, making sure that the system operates perfectly during
utility power failure. The power they provide can be continuous for a number of hours or
even days, subject to the availability of fuel and the length of the power outage. Usually,
they are set to start automatically once the power supply from the grid fails, and they
continue to run until the battery has been used up or if there is a need for a longer
period of power failure. They are indispensable for the continuation of BTS activities
during extended outages, especially in places where the power from the grid is not reliable
or is unavailable. They not only guarantee that the BTS equipment, which is used for
transmission, cooling systems, and site monitoring devices, is functional but also reach

the highest standards of efficiency.

Batteries: Serve as the first line of defense in a BTS during power outages. They
provide instantaneous power when the grid supply fails, ensuring there is no interruption
in the operation of critical telecommunication equipment such as transceivers, antennas,
and signal processors. This is especially important because even brief power interruptions
can disrupt network services, leading to dropped calls and data connectivity issues. Most
BTS systems [16], [61] operate at a nominal -48 VDC, a telecom standard that balances

efficiency and safety. To achieve this:

e Series Connection: For lead-acid batteries (typically 2V per cell), 24 cells are
connected in series (24 x 2V = 48V). For lithium-ion (e.g., 3.2V per cell for

LiFePO4), 15 cells in series yield approximately 48V (15 x 3.2V = 48V).
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e Parallel Strings: To increase capacity (ampere-hours, Ah), multiple 48V strings are
connected in parallel. For example, two 100Ah strings in parallel provide a total of

200Ah at 48V.
The most commonly used batteries in BTS systems are [17]

e Lead Acid Batteries (specifically Valve-Regulated Lead-Acid, or VRLA): These are
sealed, maintenance-free batteries that are widely used in BTS systems due to their
cost-effectiveness and reliability. They are also compact, making them suitable for

indoor BT'S sites with space constraints.

e Lithium-Ion Batteries: Lithium-ion batteries are increasingly being adopted in
modern BTS systems because of their higher energy density, longer life cycle, and
lighter weight compared to lead-acid batteries. Additionally, they perform well

under extreme temperature conditions and require less frequent maintenance.

Batteries are designed to provide short-term power during brief outages or to bridge the
gap between the loss of grid power and the activation of DGs. This ensures that critical
equipment remains operational during the transition period. In some cases, batteries can
also serve as the sole backup power source for sites where outages are typically short and

predictable.

2.2.3 Automatic Transfer Switches

Automatic Transfer Switches (ATS) play a critical role in ensuring seamless power switching
for BTS, particularly in scenarios where power failure is predicted or occurs unexpectedly.
An ATS, which is [16] created to sense power outages or fluctuations automatically from
the main power source and efficiently change to a backup power supply like a generator
or battery system without manual intervention. Network operators get a higher reliability
level when they use ATS, as the system reduces the probability of a long downtime caused
by a power failure. In addition, this also improves the network availability and customer

satisfaction, as the users have fewer dropped calls or connectivity problems. Moreover,
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ATS also diminishes the load on the maintenance teams, enabling them to concentrate on

system improvements, which are proactive instead of reactive, while restoring power.

2.2.4 Rectifier

A rectifier is an essential element in AC-DC conversion since it changes AC into DC by
simply allowing one direction of current to flow using diodes or similar electronic devices.
In BTS power systems, rectifiers [30] carry out the conversion of the AC mains source
into a DC voltage that is stable, usually -48 VDC, which is the basic requirement for the
operation of both the telecommunication devices and the charging of the backup batteries.
The process of changing the sinusoidal AC waveform into a pulsating DC signal through
rectification is typically accompanied by the filtering step, which is intended to smooth
the output and keep the voltage level constant, thus ensuring the reliable operation of

BTS components.

2.2.5 Power Distribution Units (PDUs)

A Power Distribution Unit (PDU) in a telecom network is an active component that
enables efficient and reliable power transfer to the Base Transceiver Station (BTS) device.
The PDU [16] regulates the distribution of energy by giving each load the same amount
of electrical power, thus eliminating power imbalances and overloading that can lead to
the failure of the equipment.

Besides power distribution, PDUs are also very important for BTS equipment in that
they provide it with protection from electrical anomalies. The surge protection feature
of PDUs is the one that is targeted at the protection of the sensitive telecommunication
equipment against the voltage spikes that occur due to lightning, power grid fluctuations,
or switching transients. Such voltage surges may not only degrade BTS components but
may also cause total outages, which will, in turn, lead to the need for costly repairs. The
addition of surge protection in PDUs makes sure that the spikes will be either absorbed
or redirected; hence, no harm will be done to the equipment.

Circuit breakers: Circuit breakers to safeguard the PDUs against overcurrent
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situations. Short circuits, faulty devices, or temporary spikes in power are some causes
of overcurrent, which, if not protected against, can lead to overheating, damage, or even
fires. PDUs are equipped with circuit breakers that identify these occurrences and cut
the power, preventing further damage and maintaining the safety and reliability of the
BTS infrastructure.

The PDUs [16] contribute to more reliable and efficient BTS operations by providing
consistent power to avoid downtime and service interruptions. They require very little
maintenance, and they also protect critical equipment against surges and overcurrent
situations, helping them to last longer. PDUs also lead to increased uptime and operational
stability of the systems, which is critical for ensuring uninterrupted communications even in
difficult situations. In general, PDUs are integral to power provisioning and therefore to the
operation and dependability of telecommunication networks and wireless communication

systems.

2.2.6 Protection Devices

Power system protection devices are important to maintain the reliability and efficiency of
the operation of the BTS. Combined, these devices help to avoid faults, minimize damage
to equipment, and keep the stations up by recognizing abnormal conditions within the

system and acting upon them.

e Surge Protection Devices (SPDs): These are installed to mitigate transient
over- voltages such as those caused by lightning strikes, switching surges, and service
disturbances in the utility grid [16]. SPDs protect equipment by capturing surges
and harmlessly directing them to ground or neutral, preventing equipment damage.
SPDs are usually installed at these critical points, such as where utility power comes
into the building, at rectifiers, and where communication lines enter. SPD’s greatest
benefit is instantaneous reaction time to protection against voltage spikes. They
are cheap, easy to do, and most importantly, protect expensive equipment. The
downside is that SPDs are consumables and degrade with each surge event. Plus,

they do not provide good protection from sustained overvoltage or under-voltage
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conditions and thus must be supplemented with other protection.

Circuit Breakers: Circuit breakers offer overcurrent protection by interrupting the
flow of electricity under overload or short-circuit conditions. These are installed in
AC as well as DC distribution panels, preventing damage to the power system and
associated equipment from excessive fault currents. The benefits of circuit breakers
are that they are very reliable, can be reset manually or automatically after tripping,
and are available in many current and voltage ratings. They are also slower than
fuses in some fault conditions or need to be tested on a regular basis to make sure

they operate properly.

Fuses: These are another form of overcurrent protection device that is oftentimes
used as a failsafe on important, high-power circuits such as those for batteries or
rectifiers. It consists of a thin metal filament, which melts when current exceeds a
certain level, breaking the circuit. This simple mechanism ensures rapid fault isola-
tion, making fuses highly effective for high-speed protection. They are inexpensive,
easy to install, and available in a wide range of ratings, making them suitable for
diverse applications. However, they are single-use devices and must be replaced

after operation.

Uninterruptible Power Supply (UPS): A UPS provides instantaneous backup
power to critical BTS equipment during power outages or disturbances. It bridges
the gap between power loss and the activation of the backup generator. The UPS
relies [30] on batteries to store energy and includes an inverter to convert the stored
DC power to AC for use by the equipment. Additionally, the UPS filters voltage
sags, surges, and harmonics, improving power quality. The major advantage of a
UPS is its instantaneous response, which ensures the uninterrupted operation of
sensitive equipment. For example, an online UPS can provide a response time of
0 milliseconds. However, the runtime of a UPS is limited by the battery capacity,
making it suitable for short-term power backup only. UPS systems also require

regular maintenance and battery replacement to ensure reliability.
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e Over-voltage and Under-voltage Relays: Over-voltage and under-voltage relays
protect sensitive BTS equipment from sustained voltage abnormalities. These relays
continuously monitor voltage levels, and if the voltage exceeds or drops below preset
thresholds, the relay disconnects the affected circuit to prevent damage. This is
particularly important in ensuring the stability of equipment powered by the grid or

backup systems.

e Ground Fault Protection Devices: Ground fault protection devices detect
leakage currents caused by insulation failures or unintended contact between live
conductors and the ground. These devices measure the difference between incoming
and outgoing currents in a circuit. If the difference exceeds a preset threshold,
indicating a ground fault, the device trips the circuit to protect personnel and
equipment. This device is essential for preventing electrical fires and shock hazards.
These devices respond quickly to ground faults, ensuring safety. However, they
may not detect faults in low-current circuits and can cause nuisance tripping if not

properly configured.

2.3 AC vs. DC Distribution

In the BTS power system, the AC and DC distributions have separate roles in carrying
power to different parts of the system. AC power generally comes from the main utility
grid or backup generators and is then distributed to equipment such as air conditioners,
lighting, rectifiers, and other devices that consume a lot of power. DC power, however,
is obtained from AC power rectification with the use of rectifiers that change AC into
DC to provide low-voltage devices that are very important for BTS, such as radios,
communication modules, and backup batteries. DC distribution is usually the first choice
for sensitive electronics, as it has the ability to provide stable power, which consequently

leads to less electromagnetic interference and hence more reliability.
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2.4 Load Management

Load Control plays an important role in the optimization of power distribution in a BTS.
This system helps the network in being more efficient and in maximizing the uptime,
as loads are monitored and power to the critical components is what is prioritized and
supplied during off times and peak load times. Battery Low Voltage Disconnect (BLVD)
and Load Low Voltage Disconnect (LLVD) are protective measures in the power system

of a BTS to prevent equipment damage and unproductive downtime of the BTS [8|.

2.4.1 Battery Low Voltage Disconnect (BLVD)

BLVD disconnects the battery from the load when the battery’s voltage level reaches a
predetermined minimum point, which is another safety feature. This is a method to avoid
the battery discharging below the safe operating threshold, where it starts to get damaged
irreversibly, shorten the lifetime of the battery, and render it incapable of charging again.
As the battery voltage decreases to an unacceptable level, the BLVD safeguards this
remaining energy to be used for emergency operations or to ensure that energy isn’t lost
due to a total depletion of the battery, which is especially useful in scenarios like long

power outage conditions.

2.4.2 Load Low Voltage Disconnect (LLVD)

The LLVD has been created to shed unessential loads when the system voltage drops below
a specific value in order to protect critical operations. For example, if power is constrained
in a BTS, such as in the case of grid failure, where the battery is the only power source, the
LLVD will cut off non-vital apparatus like radio equipment and communication modules.
Thus, core functions, e.g., transmission of signals, can continue to function even under
low power availability.

A bus bar under voltage condition (BBUV) [8] is classified as when the main DC bus
voltage falls below a certain threshold level, in this case 48.2 VDC. The busbar, an
important component, distributes power to the various loads and equipment. This is

an indication of an impending power stability issue, which can be due to a heavy load
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on batteries, low charging current from rectifiers/solar systems, or battery degradation.
Failure to remedy this voltage drop will lead to the swift draining of any stored energy in
the battery. In this sense, BBUV is considered a precursor of critical conditions such as

LLVD and BLVD, giving operators time to intervene.

According to [8], the LLVD disconnects non-essential loads at 46.2 VDC to conserve
battery storage capacity for critical operations. This represents a prophylaxis that aims
to prolong battery life and keep critical services alive for as long as possible. Not critical
appliances, auxiliary devices, and/or HVAC systems are disconnected to minimize the
total draw on the battery. This causes the voltage to decrease at a slower rate, providing
operators more time to deal with it. The LLVD activates an alarm to alert the operators
of the voltage drop and of the disconnection of non-critical loads. This phase keeps
critical infrastructures like communications and monitoring devices in place to begin
operationalization. If the voltage continues to drop and reaches a point of 45.2 VDC,
the BLVD system will be turned ON. isolating all loads save for the monitoring systems.
This is a protective measure to prevent the battery from deep discharge, which can cause
irreparable damage. Lead-acid batteries, commonly used in telecom systems [17], have a
minimum safe discharge level. Discharging below this level can lead to a chemical reaction
that degrades the battery, reduces cycle life, and causes permanent capacity loss. By
disconnecting loads at the BLVD threshold, the system safeguards battery health while
maintaining communication between the monitoring system and the site. However, this
disconnection results in the ending of most site operations, including critical services like

BTS functionality.

2.5 BTS Power System Failure and Power Outage

The BTS power system failure refers to the inability of the system to supply adequate
power to the BTS equipment, which could lead to degraded or interrupted cellular services.
BTS power systems are designed to ensure continuous and reliable operation, but failures

can occur due to various reasons. These failures [28] are generally classified into partial
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power system failures and total power system failures (outages). A partial BTS power
system failure occurs when some components of the power system, such as rectifiers, the
battery bank, or parts of the DC distribution, fail or degrade, but the system can still
function at reduced capacity. Partial failures often result in inadequate power delivery
to certain BTS components, causing reduced performance, such as decreased coverage
or capacity. They also act as warnings for potential larger failures. Of course, issues
might be of other nature, for instance, abnormal DC output voltage drop, inconsistent
DC load current, or a reduced discharge capability of the battery. By monitoring these
parameters, partial failures can be detected in an early stage so that technicians can carry

out preventive maintenance before they result in further issues.

Conversely, a Full shutdown of the BTS power system entails a complete shutdown
of the power system, leading to a full outage on the BTS site. The result of this is
generally due to significant problems, such as a completely drained battery bank, all
rectifier modules being down, or the AC power being interrupted. The DC distribution
system in these instances does not power the BTS equipment at all, resulting in a total
outage. Partial failures, which can lead to a catastrophic failure of the power system,
are usually detected by non-ignored early warnings. It is therefore crucial to detect and

correct "partial failures" before they lead to total system outages.

The BTS DC distribution system is the component of the BTS power system that
distributes power from the rectifiers and the battery bank to the DC loads, mainly BTS
equipment like transceivers, amplifiers, and cooling systems. The main system components
of a DC distribution system are the rectifier output, which converts AC power to DC and
is the main source of power; the battery bank that acts as a backup power supply in case
of failure of the rectifier or the AC power source; and the DC loads. These components
are typically wired in parallel so that there is redundancy; the system can still operate if
one of the components fails, albeit at a lower capacity. Such redundancy is important to

ensure the unaffected operation in cases where the components fail.
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Failure in the BTS power system can be located and recognized by analyzing certain
parameters in the DC distribution system. Among these parameters are DC output
voltage, DC load current, and DC load power. To illustrate, a considerable fall in the
DC output voltage may lead to the rectifier going wrong, too much load, or the battery
running out. Also, changes in the DC load current, like unnecessarily high or low current,
may give the picture of system overloading, equipment disconnection, or short circuits.
DC load power, which is the power that the BTS equipment uses additionally, can give
signals about the system’s condition. For instance, a figure that does not correspond to
the actual consumption may indicate inefficiencies or the malfunction of some components.
Hence, by being sensitive to these parameters all the time, the technician can spot the
warning signs of parts or the whole failure in the system and come up with the best

solutions to preserve the continuous service.

2.6 Factors of BTS Power System Failure

The BTS power system failure can affect the telecommunication network to the extent
that it becomes unreliable. A typical failure is usually a mixture of electrical, environ-
mental, operational, and maintenance factors. The BTS infrastructure [15] is a source of
approximately 80% of interruptions in the cellular network caused by power outages at

BTS sites. Some causes of the BTS power system failure are

e Unstable Power Supply: BTS power systems fail when the utility grid delivers
unbalanced power, such as voltage spikes or outages. These disruptions halt BTS
operations, cutting off mobile network services. Unreliable grid power is the top

reason for BT'S outages [8].

e Weak Backup Power Systems: When the grid power fails, BTS relies on backup
systems like batteries or generators. If these are underpowered or poorly designed,
they cannot sustain operations, leading to downtime. A study on BTS power

planning compared backup configurations, finding that systems with only batteries
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often failed during long outages [28].

e Environmental Factors: Extreme temperatures, humidity, and dust accumulation
significantly reduce BTS power systems. High temperatures accelerate component

aging, while humidity and dust can cause short circuits or corrosion.

e Excessive Power Use and Poor Energy Management: BTS systems consum-
ing too much power, without efficient energy management, overload their power
infrastructure, increasing failure risks and costs. According to a work in [31], unop-
timized scheduling of power could lead to strain on systems, while optimized power

management minimizes the risk of failure and cost of power.

e Lightning and Surge Events: BTS sites are generally in exposed locations and
susceptible to lightning strikes and surges. If not properly designed or maintained,

these events can impact power equipment despite having surge protection.

e Inadequate Preventive Maintenance: Regularly inspecting and maintaining a
system would prevent issues such as corrosion, worn-out parts, and other problems

that can render a system failure.

e Human Error: Errors in the installation, upkeep, or upgrade of the power system,

like faulty wiring or configuration mistakes, can lead to a failure of the power system.

¢ Equipment Aging and Wear: The aging of components like capacitors, trans-
formers, and relays causes them to become inefficient and unreliable. Thermal and

electrical stress are aging accelerators.

2.7 Monitoring and Maintenance of BTS Power Systems

Telecommunication network reliability can only be guaranteed through the capability of
BTS power systems, which need to be regularly monitored and maintained. BTS power
systems that include batteries, rectifiers, and backup generators are the main components
that are easily affected by environmental conditions, load changes, and the aging of parts.

Such incidents can, thus, cause service interruptions.
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2.7.1 Alarm Systems for BTS Power Failure

Power failure at BTS sites can lead to significant service disruptions, affecting network
reliability and customer satisfaction. Alarm systems are the backbone of BTS power
management by providing real-time notifications of power-related issues. They reduce
downtime by alerting network operators to faults before they escalate, minimizing service
interruptions. For ET [32], where power outages are a leading cause of network outages,
proactive monitoring through alarms is crucial for maintaining service quality. Automated
alarm systems also reduce human error and operational costs by modernized fault detection
and response processes. These systems categorize alarms into critical, major, minor, and

warning levels to prioritize response efforts and maintain network integrity.

e Critical Alarms: Indicate severe, service-affecting issues requiring immediate
action. such as the BLVD alarm, battery discharge alarm, and battery fuse being

broken [32].

e Major alarms: Serious problems that could affect service but are not as urgent as
critical alarms, which frequently call for timely but planned maintenance, include

air conditioner failure, rectifier failure, and DC under-voltage alarm [32].

e Minor Alarms: These are typically addressed during routine maintenance to
prevent escalation. such as phase L1/L2/L3 failure, environmental factors, and DC

overvoltage [32].

e Warning Alarms: Provide early notifications of potential issues. Like DG running,

over-discharge [32].

2.7.2 Predictive maintenance using IoT and AI technologies

The integration of Internet of Things (IoT) and Artificial Intelligence (AI) technologies [18],
in predictive maintenance for the power system of a BTS, has transformed the reliability
and efficiency of telecommunications infrastructure. IoT-enabled sensors can continuously

monitor critical components of the BTS power system, such as batteries, rectifiers, and
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generators, collecting real-time data on temperature, voltage, current, and environmental
conditions. Such data gets sent to centralized systems that employ Al algorithms to
detect trends and forecast possible faults even without any signs. Furthermore, Al-based
predictive models can spot irregularities and forecast the wear and tear of devices with

great precision [19].

2.8 Challenges in BTS Power System

Power systems in communication have a lot of problems that arise mainly from the usage
of modern technologies and the necessity for dependable, efficient, and scalable systems.
These problems are made worse by the changing nature of power systems, such as the
inclusion of distributed energy sources and the growing need for telecommunication services
that have high bandwidth and low latency. Such solutions are very dependent on the
development of technology and the deployment of more strategic plans. The succeeding

sections go over the different challenges and means of power in telecommunication.

e Grid Instability and Inadequate Power Supply: The BTS sites often face issues
with unstable power supplies, particularly in regions with unreliable grid electricity.
Power instability leads to frequent shutdowns, reduced equipment lifespan, and

increased maintenance costs.

e Battery Backup System Failure: The BTS sites often rely on backup batteries, such
as lead-acid or lithium-ion, to sustain operations during power outages. However,
frequent discharging and recharging cycles and high ambient temperature accelerate
battery degradation. According to [33], improper battery maintenance and environ-
mental factors are major contributors to rapid battery wear, particularly in off-grid

BTS installations.

e Diesel Generator Reliability Issue: DGs are commonly used in off-grid or backup
power scenarios for BTS sites. However, they are prone to mechanical failures, fuel
supply challenges, and insufficient maintenance. |28| states that the operation and

maintenance of DGs typically compensate for 35% of the total operating cost of
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BTS.

High Energy Consumption and Cooling System Failure: The BTS consumes signifi-
cant energy, particularly for cooling systems that maintain optimal temperatures
for equipment. Failures in cooling systems or inefficient energy use can lead to

overheating and power system shutdown.

Integration Challenges with Renewable Energy Systems: Many BTS sites still rely
heavily on non-renewable energy sources, such as diesel generators, due to their
simplicity and reliability. However, [34] the lack of integration with renewable energy
solutions (e.g., solar or wind power) limits the sustainability and cost-effectiveness

of power systems.
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3 Machine Learning Algorithm

3.1 Hidden Markov Model

An HMM is a statistical model used to describe systems that transition between a set of
hidden states over time, where the actual sequence of hidden states cannot be directly
observed [35]. However, the actual sequence of states (hidden states) is not directly

observable but can be inferred from observable data.

| |

ol o2 On-1 on On+1

Observable State

Figure 3.4: HMM, Structure with hidden and observable states

3.1.1 Markov Chains and the Basis of HMMs

A Markov chain is a stochastic model that describes a sequence of events in which the
probability of transitioning from one state to another depends solely on the current state,
independent of prior history [36]. Formally, a Markov chain is defined by a finite set
of states X = {z1,22,...,s,} and a transition probability matrix P = [p;;], where p;;
denotes the probability of moving from state x; to ;. Each p;; satisfies 0 < p;; <1, and

the row sums are P equal to 1, i.e.,

Zpij =1 for all 1, (3.1)

j=1

A Markov chain possesses the memoryless Markov property, meaning that the subse-
quent state is only dependent on the present state and not on the order of states that
came before it (cited by [36]). It asserts that the probability of transitioning to a future

state z;41 at time ¢t + 1 depends exclusively on the current state x; at time ¢, not on the
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sequence of prior states zg,x1,...,x; 1. Mathematically, this is expressed as [36]:

P(Xt+1 | XO,Xl, e 7Xt) — P(Xt+1 | Xt) (32)

where X; denotes the state at time ¢. This property simplifies analysis by reducing
historical dependencies to the present state [20]. HMMs extend this concept by layering
observable outputs that are probabilistically linked to the hidden states. More specifically,
the mechanism of each hidden state of an HMM is that it selects an observation from the
emission probability distribution, which defines, jointly with the state transition proba-
bilities, the probabilistic structure of an HMM. The hidden states are the unobservable
forces that drive the system, while the emissions are the observable parts of the system,
but they are still noise, indirect representations of those states. The probabilistic setting
allows HMMs to be flexible in dealing with uncertainty and variability in the data; thus,
they become quite effective in handling noisy signals or ambiguous linguistic patterns.
Through the fusion of the Markov property and the emission probabilities, HMMs create

a sturdy framework for the sequential data analysis and the hidden structures.

3.1.2 Components of HMM

One of the defining features of a Hidden Markov Model (HMM) is that it is a statistical
model, and it is complete when it is characterized by the five components that are detailed

in [21].

1. States (Hidden States): These hidden states represent the unobservable conditions
or processes underlying the system. At each time step, the system resides in one of
these states, but the state itself cannot be directly observed. Instead, observations
provide indirect evidence of the system’s state. Denoted as S = {S1,5s,...,Sn},

where N is the number of states.
2. Observations (Emissions):

e The observable outputs (or emissions) are drawn from a finite set of symbols.

These outputs are generated according to a probability distribution defined for
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each hidden state. Denoted as O = {O1, Oy, ...,O7}, where T is the length of

the observation sequence.
3. Transition Probabilities:

e A matrix A that defines the probability of transitioning from one state to

another. According to [36], it is defined as
o A={a;}, where:

e the rows A satisfy the condition:
N
D ay=1 foralli,j=1,2,3, n (3.4)
j=1
4. Emission Probabilities:

e The observation probabilities (B) specify how likely each observation symbol is

to be generated from a given hidden state. In [36], ’B’ is defined as

e B = {b;;}, where:
bi; = P(O; | 5)) (3.5)
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01 02 03

Figure 3.6: HMM, with three hidden and observable states

e The rows B satisfy the condition:
N
D by=1 foralli=123.,5and j=123.n (3.6)
=1

where N is the number of observation symbols.

5. Initial State Distribution: The initial probabilities(r) define the likelihood of

the system starting in each hidden state.

e A vector m = {m;}, where:

e The initial probabilities satisfy
N
d m=1 (3.8)

=1

The structure of an HMM is described in Figure 3.5, which represented as A = (5,0, A, B, )
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3.1.3 Problems in Hidden Markov Model and Their Solutions

An HMM is a statistical model that represents systems with hidden states through
observable sequences. The three fundamental challenges [51], [52] associated with HMMs
are:

Decoding problem: The decoding problem in HMMs [39], involves finding the most
likely sequence of hidden states Q@ = (q1,¢o,-..,qr) that best explains an observation
sequenceO = (Oq,0,,...,Or), given the HMM parameters A = (A, B, 7). The goal is to
maximize the posterior probability P(Q | O, A), which represents the probability of the
hidden state sequence () conditioned on the observations O parameters A, mathematically,

this is written as in [39]:

Q= arngaxP(Q | O, ). (3.9)

Using Bayes’ theorem, the posterior probability P(Q | O, \) can be rewritten as

PQ.0| N

(3.10)

Here:

e P(Q,0 | A): The joint probability of the state sequence () and the observation

sequence O given the model parameters \.

e P(O | A): The marginal probability of the observation sequence O given the model

parameters \, also known as the likelihood of the observations.

Thus, the decoding problem reduces to

Q" = argmax P(Q, 0 | A). (3.11)

Several factors [39] create substantial difficulties in solving the decoding problem:

1. Exponential Growth of State Sequences: For a sequence of length 7" with N
states, there are N7 possible state sequences. Extensively evaluating all sequences

is computationally impossible for large T" or N.
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2. Conditional Dependencies: The decoding process involves dependencies between
observations and states, as well as transitions between states. Accurately modeling

these dependencies is significant.

3. Optimization Complexity: The goal is to find the single best state sequence Q*,

which requires globally optimizing over all possible sequences.

To address these challenges, the Viterbi algorithm is used with the help of the joint

probability. The joint probability P(Q, O | A) can be factored into two components:
e The probability of the state sequence @, P(Q | A). and

e The conditional probability of the observations O given the state sequence @),

PO Q,N\).

According to [39], the P(O | @, \) is given by
P(Q.O|XN)=PO]QNPQ@Q]N). (3.12)

Then, the probability of the state sequence @ = (q1, ¢2, - .., qr) is determined by the
initial state probabilities m and the state transition probabilities A. Assuming the Markov
property (the probability of transitioning to a state depends only on the previous state),

based on [39], we can write

T
P(Q[A) HP Gt | Gi—1) (3.13)
=2

By substituting the model parameters,
T
P(Q|A) =g, H%tht (3.14)

t=2

where
e 7, : The initial probability of the first state ¢;.

® a, , 4 The transition probability from state ¢;_; to state g;.
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In addition, the probability of the observation sequence O = (Oy, Os, ..., Or) given the
state sequence @) = (q1,¢2, - - ., qr) depends on the emission probabilities B. Assuming
that each observation O; depends only on the current stateq;, according to [24], equation

(3.15) is defined.

T
PO[QAN =]] PO N, (3.15)
t=1
Substituting the parameters,
T
PO Q,\) =[] ba(00), (3.16)

where
e b, (O:): The probability of emitting observation O; from state g;.

Combining the two components, the joint probability P(Q,O | ) can be written as

By substituting equation (3.16) and equation (3.14) in (3.12), we get

P(Q,0| )\ = [Hbqt (Oy)

T
T Ha%l,%] : (317>

t=2

By modifying (3.17):

T
P(Q,0 | A) = 7q,b4,(01) Haqt—l,qtbqt(Ot)' (3.18)

t=2

The equation (3.18) captures the joint probability of a specific state sequence @) and
observation sequence O under the given HMM parametersA.

Learning Problem: The learning problem in HMMs involves estimating the model
parameters A\ = (A, B, ), given a set of observed sequences defined in [43]

Assume O = {01, 09, ...,0r} denotes the observed sequence and S = {s1, $2,...,57}
denote the hidden state sequence. Therefore, the learning problem involves maximizing
the likelihood of the observed data

PO |\



Prediction of BTS Power System Failure 35

, which is given by

P(O|X) =) _P(O,S|\), (3.19)
S

where A = (A, B, 7), and S is summed over all possible state sequences. Then, the joint

probability P(O,S | A) can be expanded as
P(O,5|\) = P(S| \P(O] S, \). (3.20)

The probability of a state sequence S is determined by the initial probabilities 7 and

transition probabilities A:

T
P(S | )\) = 7T81 Hast—l7st' (321)

The probability of the observations O given a state sequence S is determined by the

emission probabilities B:

T
P(O| S, A) =[] bs(0n). (3.22)
t=1
By using (3.21) and (3.22), (3.20) becomes
T
P(O,S | X) = ms,bs, (01) | | @s,_ .50, (01). (3.23)
t=2

Summing over all possible S, the likelihood of the observations becomes:

T
P(O | )‘) = Zﬂ-ﬁbsl (01) Ha5t7175t65t<0t)' (324)
S t=2

Direct computation of, which P(O | A) is infeasible due to the exponential growth in the

number of possible state sequences S (N7, where N is the number of states and T is the

sequence length). The forward-backward algorithm is used to handle this challenge.
Evaluation problem: The evaluation problem in HMMs involves determining the

probability of an observation sequenceO = (O1,Os,. .., Or), given the model parameters

A = (A, B, ). This probability, denoted by P(O | A), measures how well the model A
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explains the observations O, According to [24], it is defined as:
PO\ = ZPOQM) (3.25)

where Q = (q1,qa, - .., qr) represents all possible sequences of hidden states. The joint

probability P(O,Q | A) can be explained as:

T T
P(0,Q[N) = P@Qi [N ][ P@Q | Q1. ) [[ PO QN (3.26)
t=2 t=1

where:

e P(Q1 | A\) = my,: The probability of starting in the initial state ¢;, as defined by the

initial state distribution 7.

o P(Qt| Qi—1,\) = ag, 4 The probability of transitioning from state ¢;—; to state

q:, as defined by the state transition matrix A.

o P(O; | Qt, \) = by, (Oy): The probability of observing O, a given state ¢;, as defined

by the emission probabilities B.

Thus, (3.26) is defined as

T T

P(O,Q[A) =mg, H (gy—1,q¢ H bg. (Or) (3.27)
t=2 t=1
To compute the probability of the observation sequence O, (3.25) becomes:
P(O|)) = ZPOQM) (3.28)

Substituting (3.27) into (2.28), (3.29) is written as

T

O ‘ )‘ Zﬂ'm Haqt 1,4t Hbth Ot) (329>
t=1
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3.1.4 Solutions for Decoding Problem, and Viterbi Algorithm

The Viterbi algorithm [22]|, named after Andrew Viterbi, who introduced it in 1967, is
a dynamic programming solution efficient for the decoding problem. This algorithm
[40] addresses the decoding problem by using dynamic programming to maximize the

probability of the state sequence at each time step. Based on [23], it works

e Initialization: Defined delta(i) as the maximum probability of any state sequence

ending in state S; at time ¢, given the observations up to time ¢:

51(2) = Wibi(01>, Vi = 1, 2, ey N. (330&)

e Recursion: Fort=23,...., T and j =1,2,..., N:

(St(j) = IglaXN [5t_1(i)a7;j] bj (Ot), (330b)

where a;; is the transition probability from state S; to S;, and b;(O;) is the emission

probability of observation O in state 5;.

e Termination: At the final time step 7', the probability of the most likely state

sequence is:

P(Q", 0|\ = max or(i). (3.30c)

i=1,...,

qr = arg max or(i). (3.31)

-----

3.1.5 Solutions for Learning Problem and the Baum-Welch Algorithm

The Baum-Welch algorithm [41,42] is a specific case of the Expectation-Maximization (EM)
algorithm used to estimate the parameters of an HMM, when the underlying states are

not directly observable. It is a stepwise approach that, by altering the HMM parameters,
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seeks to find the maximum probability of a given sequence of emissions. The Baum-
Welch algorithm’s objective is to find A = (A, B, ) from only the observation sequence
O = {04,0,,...,0r}, without having the hidden state sequence @ = {q1,¢2,...,qr}.
This algorithm is based on the forward and backward variables that continuously make

the likelihood of the observable given A higher. It is stated in [43],

e Forward variable (i) :
(i) = P(o1,09,...,00,q =1 | A), (3.32a)

The likelihood of the partial observation sequence until time ¢ and that the state at
time ¢ is ¢ can be written as,

Recursion:

(i) = Zat_l(j)ajibi(ot), (3.33)

with initialization:

O[l(i) = Wibi(Ol)-
e Backward variable §,(i):
Bt(l) = P(Ot—l-h Ot+2a ..., 07 | Qt = Z', A), (332b)

The probability of the partial observation sequence from time t + 1 to 7', given state

7 at time t is defined by,

Recursion:
N
Bi(1) = Z aijbj(ors1)Ber1(J), (3.34)
j=1
with initialization:
pr(i) = 1.

The Baum-Welch algorithm in [56], computes:
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e 7:(i) The probability of being in state i at time ¢, given the observation sequence:

(1) B (4)
Sty ai)Bi)

V(i) = P(g: = 1] O,\) = . and (3.35)

e &,(i,7) The probability of being in state ¢ at time ¢ and transitioning to state j at

time ¢t + 1:

'7 N p . ., . 07/\ _ at(i)aijbj<0t+l)ﬁt+l(j) ) 3.36
&(i,7) (@ =1,q41 =7 | ) Zf\il Zj\le a(1)aijbi(0t41) Brs1(4) (3:30)

Generally, the Baum-Welch algorithm works as:
e Initialization: Start with initial estimates of the HMM parameters (A, B, 7).
e Expectation Step: Using the current estimates of the parameters, compute:

— The forward probabilities (7).
— The backward probabilities (5;(i).
— The state occupation probabilities ().

— The transition probabilities &(i, 7).

e Maximization Step (M-Step): Update the HMM parameters to maximize the ex-

pected log-likelihood:

— Update initial state probabilities:

— Update state transition probabilities:

_XaGd)
ZtT;f Ve ()

CLZ']'

(3.40)
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— Update observation probabilities:

21600 00 (d)
Zthl Yt (])

b;(ox) , (3.41)

where (o, 0x) is an indicator function that equals 1 if o, = o, and 0 otherwise.

e [teration: Repeat the E-step and M-step until the change in log-likelihood between

iterations falls below a predefined threshold.

The Baum-Welch technique produces an optimized HMM that describes the observed
data by repeating these stages until it converges to a local maximum of the likelihood
function.

3.1.6 Solutions for Evaluation Problem and Back and Forward Algorithm

The forward algorithm is a recursive dynamic programming approach that efficiently
computes P(O | ), thereby avoiding the exponential complexity of summing over N7
state sequences. The forward variable ay(7) is defined as the probability of observing the

partial sequence (O1, O, ...,0;) and being in state i at time ¢, given the model A:
Oét(l.) :P(Ol,OQ,...,Ot,qt:i | )\) (342)

This algorithm comprises three steps [23]:

e Initialization (at t = 1):

Here, 7; is the initial probability of state ¢, and b;(O;) is the probability of observing

O; in state 1.

e Recursion:

(i) =Y ai(j)abi(0,), 1<i<N (3.44)
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This equation updates a;(7) by summing over all possible previous states j, multi-
plying the probability of transitioning from j to i (a;;), the probability of being in
state j at time ¢t — 1 (a;_1(j)), and the emission probability of observing O; from

state i (b;(Oy)).

e Termination:

P(O|)) = Z o (i) (3.45)

The total probability of the observation sequence is obtained by summing over
all possible states at time T'. The forward algorithm reduces the computational

complexity of evaluating P(O | \) from O(NT) to O(N>T):

— O(N?) operations are required at each time step ¢, as it involves summing over

N states for each of the N current states.

— This is again done for T time steps, which results in a total complexity of

O(N?T).

3.1.7 Significance of Hidden Markov Models in Predicting Base Transceiver

Station Power System

In the case of BTSs, HMMs play a major role in forecasting power system performance,
efficiently managing energy usage, and improving the reliability of operations. HMMs
are considered to be a highly efficient means for the representation and prediction of the
power system dynamics in BTSs. This results from the fact that HMMs are appropriate
for random systems where the hidden processes are not directly observable but can be

inferred through observable outputs.

3.2 Long Short-Term Memory Algorithm

LSTM networks are special versions of RNNs that were made to overcome the problems
regular RNNs have with recognizing long-term dependencies in the sequence data, which
have been caused by the vanishing gradients issue. LSTMs eat away at this problem by al-

lowing the gradients to be transferred more optimally through the memory cell. The gating
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mechanisms, as stated in [45], ensure that gradients do not get less than exponential along
the time axis. In [46], an LSTM is shown to be able to gradually and selectively keep or
get rid of information via the memory cell and the gating mechanism. Therefore, they are
super-efficient tools for solving problems like natural language processing, time-series fore-
casting, and speech recognition, where the ability to capture long-term dependencies is a
prerequisite to being successful. LSTMs, unlike regular RNNs, which just swap the hidden
state at every time step, accomplish a different memory cell that is able to not only save

but also change the information for a longer period of time through the use of special gates.

An LSTM [29], has a memory cell, an input gate, an output gate, and a forget gate.
These gates work together [47] to control what information is kept, added to, or passed

along. Let’s explore each component with its mathematical formulation.

Long-term memory  Short-term memory  Forgetting from LTM ~ Savingto LTM  Retrieval mechanism

Memary [ D Y hoCt .
Ct 1 r-'\_.-": r\'a_.x" ,._-l-__, "
i ( tanh
N t \ann s
Ct
A f‘l Qutput '/.Ej\‘
. S I )
fhput Candidate T gate A
memao
Forgate gat i Ot
F o} tanh o
Hidden state S9t€ It Ht

Figure 3.7: LSTM Architecture [29]

e Cell State (C;): The memory cell serves as the core of the LSTM, storing infor-
mation across time steps. It acts as a transporter where information flows through

the network, and the gates decide what to add, update, or remove. The cell state is
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updated as in [47],

a=[tOc 1+ O (3.2a)
where:

— f; is the forget gate output
— 4; is the input gate output
— C, is the candidate cell state , and
— © denotes element-wise multiplication.
e Forget Gate (f;): As the name suggests, the forget gate determines which parts of
the memory cell’s content should be forgotten. This gate’s sigmoid output decides
what fraction of the previous memory state to keep, enabling the LSTM to discard

irrelevant or outdated information selectively. The forget gate decides what fraction

of the previous cell state ¢;_; should be retained in [47],
ft = O'(Wf . [ht_l, l’t] + bf) (32b)

where:

— fi: forget gate output, a vector of values between 0 (forget) and 1 (retain).
— 0(2) = 7= Sigmoid activation function.
— Wy: Weight matrix for the forget gate.
— hy_1: Hidden state from the previous time step.
— x4: Current input vector.
— by: Bias vector for the forget gate.
e Input Gate (i;): The input gate controls how much the incoming data (the current
input and the previous hidden state) should be written to the memory cell. It

features a sigmoid activation function to make a decision about the significant values,

while the tanh activation assists in controlling the range of new candidate values. It
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decides the extent of new data that must be incorporated in the cell state [47].

it = O'(WZ : [ht_l,flft] + bz) (320)

The candidate’s memory update is

Et = tanh(Wc : [ht—h 'It] + bc) (32d)

e Output Gate (0;): The output gate is responsible for the amount of information
from the memory cell’s current state that will become the LSTM’s output at that
particular step. The output is generated by carrying out a sigmoid activation to
select the parts of the memory that are shown, and then the tanh activation is used
to adjust the output. The output gate is the part of the cell state that is filtered as
mentioned in [47],

or =Wy - [h_1, 2] + bo) (3.2e)

The hidden state is:
ht =0 ©® tanh(C’t) (32f)

Individually, these gates serve distinct functions, but together they enable the LSTMs to
adaptively reconfigure the data flow, which in turn makes them efficient in recognizing
patterns in sequential data over various time scales. The gating mechanism makes LSTMs

the most reliable architectures for handling sequential data.

3.3 Random Forest Model

The RF (Random Forest) algorithm is a very powerful and flexible ensemble learning
method applicable to classification as well as regression problems. It essentially works by
creating several decision trees in the training phase and then combining the results to
get better performance and generalization. It builds multiple decision trees during the

training process [48], [49].RF is a method of "bagging" (Bootstrap Aggregating), which
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means that each decision tree is trained on a different random subset of the data. The RF,
by consolidating the predictions of several trees, reduces the risk of overfitting, and thus,
compared with the performance of individual decision trees, an RF has better performance.
It also makes it a very effective tool for handling high-dimensional data and datasets with

missing or noisy features.

Steps for building an entire random forest (RF) are described by [26]. To begin with,
the algorithm, during the training mode, creates several bootstrap samples from the
original dataset by randomly sampling with replacement. Each bootstrap sample trains
the decision tree; thus, the trees are ensured diversity. Secondly, when a node in a decision
tree is split, a random subset of features is chosen among all the features for deciding
the split instead of considering the whole feature set. This random feature selection also
brings about changes in the tree structures and makes the trees less correlated, which, in
turn, improves the model’s generalization performance. Thus, each tree can completely
capture the patterns in its bootstrap sample of data since it is constructed to its deepest

depth without being cut back.

3.3.1 Random Forest Classification and Regression

In the classification setting, each decision tree in the RF predicts the class of a given input,
and the final prediction is determined by majority voting among all trees. In regression,
the algorithm averages the predictions of all decision trees to produce a continuous output.
This aggregation process ensures that outliers or noise in the data do not overly influence
the final result, leading to more stable and reliable predictions. After training, the RF
model combines the output of all the decision trees for prediction. RF’s ability to balance
bias and variance makes it a top choice for both small and large datasets, especially in

situations where interpretability is less critical than performance.
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3.3.2 Random Forest Hyperparameters

The RF operates by constructing a collection of decision trees, each trained on a random
subset of data, and outputs the mode (classification) or mean (regression) of individual tree
predictions. Hyperparameters, set before training, are critical as they cannot be learned
from the data and directly influence the model’s structure and behavior. Proper tuning is
essential to optimize performance, balancing accuracy, generalization, and computational

efficiency [50, 53|.

e n_estimators: This parameter determines the number of decision trees in the forest,
a fundamental aspect of the ensemble method. Increasing n_estimators reduces
model variance, potentially improving performance. However, above a certain
threshold, additional trees yield decreasing returns, increasing computational cost

without significant accuracy gains.

e max_depth: Since it is the longest path from the root to the leaf node, it also
means that each decision tree here has the maximum depth. A tree with more depth
has the risk of overfitting, especially when dealing with small datasets, but it can
still recognize complex patterns. However, shallow trees can be underfitting, which

means they don’t have enough information.

e min_samples split: This parameter determines the least number of samples that
a node should have to be considered for splitting. A greater number minimizes
overfitting by making sure that nodes are split only if they have enough samples,
thus resulting in a simpler tree structure. On the other hand, if the values are too

large, the model may become underfitted due to missing the main patterns.

e min_ samples leaf: specifies the minimum number of samples in each leaf node.
Compared to min_samples split, the number of samples per leaf, a higher value
also cuts overfitting by making sure that the leaf nodes are not very small, thus
smoothing the model. However, if the value is too large, it may lead to underfitting,

whereby the model may not be able to represent the data well at a detailed level.
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e max features: This controls the number of features considered for the best split
at each node, introducing randomness to prevent overfitting. By limiting features,
max_features promotes diversity among trees, reducing correlation and enhancing
generalization. Common settings include 'auto’ (square root of features), ’log2’,

None (all features), or specific integers/fractions.

3.4 Model Performance Evaluation Technique

To check how well the HMM, RF, and LSTM networks can detect failures in the BTS
power system, it is necessary to compare the predicted sequences with the actual hidden
state sequences, if these are accessible. These common classification model evaluation
metrics, such as accuracy, precision, recall, and F1-score, allow one to express this com-
parison numerically. By employing a confusion matrix, each of these measures indicates

the model’s performance from a distinct perspective.

A confusion matrix is a table [57], which is used to assess the performance of classifiers
on datasets. It presents a complete picture of how well the model is performing. Each cell

in the matrix corresponds to a specific kind of prediction; this can be described as

e True positive rate (TP): Cases where the model correctly predicts a failure. For

example, if a BTS power failure occurs and the model predicts "Failure,"
e True negative rate(TIN): Cases where the model correctly predicts no failure.

e False positive rate(FP): Cases where the model predicts a failure, but no failure
occurs. This leads to unnecessary maintenance or interventions, which can waste

resources.

e False negative rate(FIN): Cases where the model fails to predict a failure. For
instance, the system predicts "no failure," but a failure occurs. This is critical in
power systems because false negatives can lead to unexpected outages and service

disruptions.
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The confusion matrix serves as the foundation for calculating the following metrics.

e Accuracy: is the simplest metric, calculated as the ratio of correctly predicted

instances to the total instances. mathematically [27],

TP+TN
TP+TN+ FP+ FN

(3.4a)

Accuracy =

e Precision: It measures how many of the predicted failures are actual failures.
High precision ensures that when the model predicts a failure, it is likely to be cor-
rect. This minimizes unnecessary maintenance and optimizes resource allocation [27].

TP

Precision = ————— 3.4b
recision = s (3.4Db)

e Recall: Recall quantifies how many of the real failures are accurately forecast by
the model. It concentrates on FP (missed failure), which is crucial in power systems.
High recall ensures that the majority of failures are detected, reducing the risk of
unexpected outages [27].

TP

l = ——+-+— 4
Reca TP FN (3.4c)

e Fl-score is the harmonic mean of precision and recall, providing the balance
between the two metrics. It is particularly useful when the class distribution is
imbalanced. This metric is beneficial in evaluating models where false positives and
false negatives are critical, such as in the case of predicting power system failure,

where missed detections and false alarms can lead to operational inefficiencies [27].

Precision x Recall
F1- =2 3.4d
SeoTe x Precision + Recall ( )
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4 Modeling BTS Power System Failure Using Machine

Learning

4.1 System Model

To develop a comprehensive system model for predicting BTS power system failure, we
need to consider several key aspects, including the characteristics of the dataset, the tem-
poral nature of the data, and the algorithmic approaches we will employ. The structured
framework for the model development process for HMM, LSTM, and RF algorithms is

defined in Figure 4.8.

preprocessing PCA
system parameters — K_means
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month time serie

" Environment
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Figure 4.8: System Model

4.2 Data Collection

The dataset for this study was collected from ET’s power and environment monitoring
system (Net-Eco) for a duration of 21 weeks (August 2024 to January 2025) with a five-
minute sampling period interval. It comprises forty-six thousand nine hundred forty-three

(46943) rows with 13 features that capture critical multivariate variables influencing BTS
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power system operation. Key features include indoor temperature/humidity, which are
essential for assessing environmental impacts on equipment performance. The three-phase
voltage and battery current provide insights into the electrical health of the power system,
while the remaining capacity, total discharge time rate, and battery voltage are critical for
evaluating battery status and efficiency. Additionally, DC load power, DC output voltage,
and total DC load current help monitor power consumption and operational demands
on the system. Together, these features facilitate a comprehensive understanding of the
power and environmental dynamics, enabling effective prediction of potential failure in
BTS sites. To build the model, 80% of the data is used to train the model, and from
the total dataset, 20% of the data is used for validation to predict the next days of BTS

power failure.

4.3 Important Feature Selection

Raw data from BTS power systems often includes redundant features like phase L1/L2/L3
voltages, indoor humidity /temperature, and various current and power metrics, which can
overlap and cause multicollinearity. This redundancy increases computational complexity,
risks overfitting, and reduces model performance by amplifying noise and obscuring key
patterns. To improve the model’s performance and avoid redundancy of information, we
used preprocessing techniques. After cleaning the data, Z-score normalization is applied
to standardize features, transforming them to a mean of 0 and a standard deviation of
1. This ensures that features with different scales contribute equally, preventing larger-
magnitude features from dominating the model. However, high dimensionality and feature
correlations, such as between Phase L1/1.2/L3 voltages or environmental metrics like
humidity and temperature, necessitate dimensionality reduction. Principal Component
Analysis (PCA) is used to address this, identifying the most significant components that

capture the dataset’s variance while reducing noise and redundancy [9], [10].

PCA was applied to the normalized data by grouping features into source-related,

environment-related, load-related, and battery-related parameters. By analyzing principal
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components, PCA highlighted the features explaining the most variance, enabling the
selection of the most relevant attributes. This reduced dataset complexity, improved

model accuracy, and enhanced predictive performance by focusing on key features.

PC1 PC2 PC3 PC1 PC2

Phase L1 Voltage(V) 0891646 0.452770 -0.000012
Indoor Temperature(°C) -0.772343 0.635232
Phase L2 Voltage(V) 0.978341 -0.207022 -0.004881

Phase L3 Voltage(V) 0.978649 -0.205561 0.004890 |I'Il:|DDrHLII‘I'IIdItj|'{%RH:I 0.772343 0.635232

PC1 pC2 pc3 pca PC1 pC2 PC3 PC4

DC Output Voltage(V)  -0.099367 0.990906 -0.090908 0.000407 Current(A) 0.615768 0.157856 0.700201 -0.325057
Total DC Output Current(A) 0.902001 0.197177 0.383909 0.000010 Remaining Capacity Percent(%) 0.653362 -0.254182 -0.616512 -0.358408
Total DC Load Current(A)  0.981193 -0.076256 -0.177329 0.005657 Total Discharge Times(times) ~ 0.040793 0.957773 -0.278305 -0.059883
Total DC Load Power(kW)  0.982816 -0.004667 -0.184531 -0.005616 Voltage(V) 0.860809 0.034619 -0.019753 0.507398

Figure 4.9: Feature Selection by Using on PCA

Figure 4.9 presents a PCA results table that summarizes the contributions of various
features from a dataset, specifically focusing on the first four principal components
(PCs). On the left side, the table includes three voltage measurements: Phase L1/L.2/13
Voltage, corresponding to loadings for the first three principal components (PC1, PC2,
and PC3). Notably, Phase L2 Voltage demonstrates the highest loading in PC1 (0.978314),
indicating it contributes significantly to the variance captured by this principal component.
Additionally, in Figure 4.9, the lower portion of the table presents other relevant features,
including DC output voltage, total DC output current, total DC load power, battery
current /voltage, remaining capacity percent, and total discharge times. Each of these
variables has associated loadings for the four principal components, helping to identify

their relative importance.

Overall, based on the loading scores values from Figure 4.9, Figure 4.10 shows that
the PCA analysis effectively highlights which features contribute most to the dataset’s
variance, aiding in dimensionality reduction and facilitating a clearer understanding of

the underlying relationships among the variables.
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Figure 4.10: Importance Features

4.4 Defining the Hidden State

The hidden state formation process is crucial in developing an HMM-based prediction
model for the BTS power system failure, as it enables the identification of latent states that
represent distinct operational conditions, such as normal, degraded, or failure, without
directly observing them. The model uses observed data of phase L1/L2/L3 voltage,
indoor temperature and humidity, battery voltage and current, remaining capacity, or
total discharge to infer the most likely underlying sequences of states representing the
system’s behavior. It finds this process very important because it can lead the model to the
discovery of changes in state that are most indicative of failure, such as frequent transitions
to the critical state, which is often the last step before a power outage. Fluctuations of AC
voltage, for instance, have a direct impact on DC output stability since an unstable AC
input will force rectifiers to function inefficiently, which in turn will give rise to DC voltage
fluctuation that will be a mirror of the transition towards degraded or failure states. In
the same way, high temperatures will speed up the process of battery degradation by
raising the internal resistance and therefore voltage drops, which are the main indicators

of going from the normal state to the degraded state.

As batteries degrade, their reduced capacity to provide stable DC output manifests
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in lower voltage and current levels, signaling hidden state transitions and decreasing the
power available to BTS loads. By training on historical BTS failure data, the model
learns to associate these state transitions with increasing risks, enabling the proactive
prediction of failure and the prioritization of maintenance to prevent severe disruptions
in telecommunications networks. Hidden state formation, therefore, lies at the core of

understanding and predicting the probabilistic dynamics of BTS power system failures.

To define the hidden state formation, first use PCA to reduce dimensionality without
changing the properties of the observable data of the BTS power system parameters, and
after PCA, we use k-means clustering techniques (the silhouette technique). The hidden
state representation of the BTS power system failure prediction using an HMM can be
formulated based on the provided silhouette score plot and state transition diagram. in
this case, the silhouette score plot indicates an optimal number of clusters (k) of 3, with
the highest score of 0.33 at k=3, suggesting that the BTS power system data is best

categorized into three hidden states: "Normal," "Degraded," and "Failure," as depicted

in the state transition diagram.
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Figure 4.11: Hidden State Classification by using silhouette
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4.5 Defining the Observation Sequence

This research is based on the feature extraction method, utilizing PCA loadings and
K-means clustering. To find the best number of clusters, the silhouette method is applied.
Firstly, we examine the PCA loadings to understand which variables are the most influ-
ential for the dataset. Concentrating on such key variables increases the performance of
the model by giving key importance to the main information and eliminating the noise.
After that, we employ K-means clustering on the changed data, thus forming various
clusters of similar points. These clusters enable us to generate the sequences of symbols

that correspond to various BTS power system states.

The Silhouette Score is a clustering quality metric used to determine the optimal
number of clusters (k). Proposed by Rousseeuw in 1987 [54], it calculates a score for each
data point reflecting how well it fits within its assigned cluster. For a data point ¢, let’s
a(i) denote the average distance between it ¢ and all other points within the same cluster,
reflecting intra-cluster compactness. Conversely, it b(i) represents the smallest average
distance from ¢ all points in any other cluster, indicating separation from the nearest
neighboring cluster [54]. For a given data point i, the Silhouette Score, s(i) proposed

by [54], is calculated;

b(i) — ali)

max(a(i), b(i))’

This score quantifies how a point belongs to its cluster, with values ranging from -1 to

s(i) = (4.5)

1. A high average score indicates well-separated clusters, while a low or negative score
suggests overlapping or poorly defined clusters [55]. As illustrated in the silhouette score
graph of Figure 4.12, the optimal number of clusters was three, indicating a well-defined
structure within the data. This step is crucial for ensuring that the clusters formed by
the K-means algorithm are meaningful and distinct, leading to a better representation of
the underlying patterns in the data. Based on Figure 4.12, K-means clustering is applied

to the normalized features of the observation data, grouping the data into four distinct
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Figure 4.12: Observation Sequence Using Silhouette method

and meaningful observation sequences of symbols, as presented in Figure 4.13. The

Total DC Load Power(kW) Total DC Load Current(A) Total DC Output Current(A) DC Output Voltage(V) Observable Symbols

0 0.339746 0.596126 0.657854 -3.505711 3
1 1.003262 1.253738 0.834628 -3.505711 3
2 0.241447 0.464603 0.834628 -3.242553 3
3 0.536343 0.780257 0.563574 -3.505711 3
4 0.536343 0.767105 0.693209 -3.242553 3
46938 1.175285 1.161672 1.235318 0.178509 2
46939 0.413470 0411984 0.622499 0.178509 0
46940 0.757515 0.740800 0.646069 0.178509 2
46941 0.241447 0.227863 0.575359 0.178509 0
46942 -0.299196 -0.311379 -0.461720 0.178509 0

Figure 4.13: Observation Symbols

“Observable-symbols” column in Figure 4.13 displays four distinct clusters, labeled 0 to 3,
which map continuous power system parameters into a sequence of discrete observable
symbols. These integer values in the "Observable-symbols" column represent clusters
derived from the Silhouette value applied to Total DC Output Current (A), Total DC Load
Power (KW), Total DC Load Current (A), and DC Output Voltage (V). Each symbol
captures similar parameter patterns, creating input sequences for training our HMM
model. The HMM learns the hidden states of the BTS power system and Probabilistic

relationships between states and emitted symbols.
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5 Results and Discussions of the Model

5.1 Model Training

HMMs effectively forecast BTS power system failures by modeling operational states—Normal,
Degraded, and Failure—along with their transitions, using 13 metrics from our 46,943-row
dataset. Different specialized Python libraries demonstrate distinct approaches: hmm-
learn models continuous parameters like Phase L1 Voltage (V) and Total DC Load Power
(kW) using Gaussian emissions. Its GaussianHMM implementation employs Baum-Welch
training (an expectation-maximization process) without conventional learning rates, con-

verging when log-likelihood thresholds (learning rate 0.0001).

As Figure 5.14 shows, probability densities stabilize rapidly, typically converging
near zero by iteration 10. Post-training, its prediction method deduces state sequences,
while the score identifies anomalies through likelihood evaluation. mchmm specializes in
discrete HMMs with visualization capabilities and categorizes parameters. It similarly
uses Baum-Welch training but relies on iteration limits for convergence, with probability
distributions peaking early, e.g., initial state distribution (), transition probability (¢p),
and emission probability (ep) reaching between 0 and 0.1 by iteration 1, indicating dataset
homogeneity. The lightweight hidden-Markov library enables custom state definitions
mapped to observations like DC voltage and load current. After Baum-Welch training
with iteration-based convergence, it applies the Viterbi algorithm to detect critical state
transitions, such as power drops signaling overload. Collectively, these libraries learn
state-transition patterns from operational data to predict failures, enabling proactive

mailntenance.

5.1.1 The Probability of Transition Matrix

After training our HMM on the BTS power system data, we obtained a transition

probability matrix (TPM) that quantifies how the system transitions between operational
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Figure 5.14: Training Convergence of the Baum-Welch Algorithm

states. This 3x3 matrix captures the probability of transitioning between the three key
states: Normal, Degraded, and Failure.
From Figure 4.11, the matrix is structured such that each element A;; represents the

probability of moving from state ¢ to state j:

0.08267 0.88723 0.03010
A= 10.06547 0.92918 0.00535
0.01435 0.95157 0.03408

where the states are ordered as {Normal, Degraded, Failure}. This matrix, likely
trained using the Baum-Welch algorithm via libraries such as hmmlearn, mchmm, or
hidden-Markov, reflects the system’s state dynamics based on the dataset’s 46,943 of
80% rows with stable metrics like phase L1/L2/L3 voltage, indoor temperature/humidity,

battery current and voltage, remaining capacity, and total discharge times.

The high self-transition probabilities of 0.92918 from ’Degraded’ to 'Degraded’ and
0.95157 for the 'Failure’ to 'Degraded’ state suggest that there is a strong likelihood for
the system to remain in or return to the 'Degraded’ state, indicating that degradation
is a continuous condition in the observed data. The small transition suggests that the
probability from 'Normal’ to ’Failure’ (0.03910) and 'Degraded’ to "Failure’ (0.00535) states

suggests that direct failure occurrences are rare, coinciding with the dataset’s stability and
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the probability distribution plot’s instantaneous convergence to nearly zero by iteration
10 from Figure 5.14. Nevertheless, the considerable probability of transitioning from the
'Normal’ to 'Degraded’ state (0.88723) shows a weakness where the system often moves
to a degraded state, possibly due to an unmeasured problem. From Table 1, the row
represents the current state, and the column represents the next state. It is possible to
utilize this information to forecast the BTS power system’s future condition and to take

action to keep it from failing.

Table 1: Transition Probability Matrix

‘ Normal | Degraded | Failure

Normal | 0.08267 | 0.88723 | 0.03010
Degraded | 0.06547 | 0.92918 | 0.00535
Failure | 0.01435 | 0.95157 | 0.03408

5.1.2 The Probability of Emission Matrix

The emission probability matrix (EPM), obtained from HMM training on the BTS power
system dataset, defines the probabilities of observing specific outputs from each hidden
state. In this case, the EPM is a 3x4 matrix corresponding to three states (Normal,
Degraded, Failure) and four observation categories (labeled 0, 1, 2, 3), with the following

values:

0.37707 0.27538 0.30096 0.04659
B = 10.37707 0.27538 0.30096 0.04659
0.37706 0.27538 0.30097 0.04659

This matrix, possibly trained utilizing the Baum-Welch algorithm via libraries such as
hmm learn, mchmm, or hidden-Markov, represents the probability of perceiving discretized
categories (potentially derived from continuous metrics like Total DC Load Power (kW)
or DC Output Voltage (V) in the 46,943 row dataset) given the system’s state. The early-
identical probabilities throughout all states (e.g., 0.37707 for observation 0 in 'Normal’
and 'Degraded’” and 0.37706 in Failure) signify that the HMM has difficulty differentiating

between states based on the observed data, likely due to the dataset’s homogeneity (e.g.,
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stable Phase L1 Voltage (V) and constant 100% Remaining Capacity Percent (%)). This
is consistent with the probability distribution vs. iteration plot, where the emission
probability (ep) rapidly converges close to 0 by iteration 10 from Figure 5.14, implying
a lack of distinct observational patterns. The highest emission probability (0.37707 for
observation zero) throughout all states means that the observation category is the most
frequent. In contrast, the lowest (0.04659 for observation 3) is rare; it may represent
extreme conditions like high load or temperature spikes. The lack of variance in emission
probabilities throughout states suggests that the model might not effectively capture
state-specific behaviors, and integrating more diverse data (e.g., periods of load variation
or discharge events) could help the EPM better distinguish between 'Normal,” 'Degraded,’

and 'Failure’ states for enhanced BTS failure prediction.

Table 2: Emission Probability Matrix

| o v 2 |3 ]

Normal | 0.37707 | 0.27538 | 0.30096 | 0.04659
Degraded | 0.37707 | 0.27538 | 0.30096 | 0.04659
Failure | 0.37706 | 0.27538 | 0.30097 | 0.04659

5.1.3 The Probability of Initial Matrix

This matrix sets the initial odds for a BTS power system’s state at the start ("row 0"):
the value of 0.329873 for the 'Normal’ state indicates a 32.99% chance that the system will
begin in this state, suggesting a relatively stable operational environment. Similarly, the
values of 0.335493 for the "Degraded" state and 0.334633 for the "Failure" state indicate
approximately 33.55% , and 33.54% chances, respectively, of starting in those conditions.
Importantly, these initial probabilities are very near. In essence, the likelihood that the
system starts in any of the following states is nearly equal (roughly one in three): Normal,
Degraded, or even Failure. Getting this initial picture right is vital. It’s the first step
in modeling how the system might transition between states over time. This forecasting
enables proactive maintenance and timely interventions, ultimately helping to optimize

the BTS’s reliability and performance.
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0.329873
™= 10.335493
0.334633

Table 3: Initial Probability Matrix

‘ Normal Degraded‘ Failure ‘
| 0 0.329873  0.335493 | 0.334633 |

5.2 Model Evaluation and Prediction
5.2.1 Hidden Markov Model Evaluation and Prediction

To predict BTS power system failures, we start with a sequence of observed conditions
over time. This sequence is essential because it shows the system’s hidden operational
states within an HMM framework. Using the Viterbi algorithm, we calculate the single
most likely sequence of these hidden states based on the observations. The process begins
by establishing initial state probabilities from the first observation. Then, step by step
as each new observation arrives, it calculates the highest probability path reaching every
possible hidden state. This calculation combines the likelihoods from the previous step,
the probability of transitioning to the current state, and the probability that the current
state produced the new observation. The algorithm carefully records which previous
condition resulted in each current high-probability path during this procedure. After
processing all observations, it identifies the highest-probability state at the final time
point and then finds backward through the stored pointers to reconstruct the complete,

most probable sequence of hidden states—ultimately yielding the failure prediction.

In this model, the system’s true health state (like normal, degraded, or failure) is
hidden, but we can observe related sensor data. A trained HMM is defined by three key
components: transition probabilities (A) that govern the shifts between health states,

emission probabilities (B) that determine what sensor readings we’d expect in each state,
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and initial state probabilities (7). The model starts by picking an initial health state

based on 7. Then, step by step, it moves between hidden states according to the A. At

each step, it also generates an observable sensor reading based on the B of the current

state. This process creates a sequence of observable data that reflects the underlying

changes in the system’s health. To predict the actual health state of the BTS power

system, we compare these generated observation sequences to the system’s real behavior.

We typically infer the most likely sequence of hidden states, the actual health progression,

using the Viterbi algorithm.

To make the BTS power system failure prediction by using HMM, we used different

mechanisms.

e Metrics 1: In modeling the BTS power system, we categorized its 13 input parameters
into observable variables (DC Output Voltage, Total DC Output Current, Total
DC Load Current, and Total DC Load Power) and hidden variables (environmental
conditions, power source characteristics, and battery status). Though physically
measurable, these hidden variables operate as hidden states by fulfilling two key
properties: They remain hidden inside the output data stream, but they have
an inherent impact on the observable parameters. For example, phase voltages
(L1/L2/L3) directly impact DC Output Voltage stability, while AC input fluctuations
cause rectifier instability, leading to unpredictable DC output that alters Total
DC Output Current. Similarly, high temperatures accelerate battery degradation,
triggering voltage drops, and battery health dictates backup capability; any decline in
voltage/current reduces DC Output stability. Furthermore, battery aging diminishes

charge retention, causing voltage drops that reduce available power to BTS loads.

metrics 2: In this method, source/environmental /battery parameters are observable,
while load parameters (DC Output Voltage, etc.) are hidden. Critically, these hidden
load states must influence the observable source/environmental /battery readings
(e.g., abnormal loads causing voltage dips or temperature changes). This dependency

enables the HMM to link observables to hidden system states.
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e metrics 3: In this technique, source-related parameters and environmental factors
are designated as hidden variables, while battery metrics (voltage, current) and
load parameters (DC Output Voltage, Total DC Output Current, Load Power)
serve as observable variables. This structure adheres to HMM principles, since
the hidden variables probabilistically influence and emit the observable system
responses. For instance, grid voltage fluctuations propagate through the system as
observable battery irregularities, while high ambient temperatures accelerate battery
degradation, manifesting as DC load current instability. Similarly, humidity-induced
corrosion reduces conductor efficiency, which appears as measurable load power
fluctuations. By establishing these cause-effect relationships, the framework enables

us to infer hidden external conditions from observable electrical behavior.

e metrics 4: This proposed method treats battery metrics and load parameters as
hidden variables, while classifying source characteristics and environmental factors
as observable variables. Crucially, the assertion that "hidden variables do not affect
observable values" creates a theoretical inconsistency: HMM fundamentally requires
hidden states to probabilistically influence or emit observable data. If battery /load
states (hidden) truly exert no causal influence on source/environment readings
(observable), this configuration violates the core mechanism of HMMs. Such a model
would be mathematically unsound, as observables must depend probabilistically on

hidden states for the framework to function.

Our HMM-based BTS power failure prediction model reveals critical insights about
variable definition through four evaluation metrics (Table 4). Metric 1 — with observable
load parameters (DC Output Voltage/Current/Load Current/Load Power) and hidden
source/environmental /battery factors — achieves peak performance (98.04% accuracy,
98.08% precision, 98.04% recall, 97.72% F1). This aligns with physical reality: hidden ele-

ments like AC voltage fluctuations and temperature directly drive observable load behavior.

Conversely, Metric 2 reverses this relationship (load parameters hidden, source/environment /battery

observable) and underperforms significantly (95.24% accuracy, 90.71% precision). The
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Table 4: Performance of the Model with Different Assumptions and Observations

(a) Table A

‘ Metric

Initial Probability

Normal Degraded Failure

Actual vs Prediction

Metric 2

Metric 4

True HiddenSequence: ['Degraded', "Normal’,

Accuracy: 05.23800523800523 %

F1 Score: 92.91819291819291 %
Precision: 99.71428571428571 %

0 Recall: 95.23889523800523 %

0 1

Accuracy: 98.0302156862745 %
F1 Score: 07.8687264204811% %

Precision: 96.11764705882352 %
0 Recall: 98.0392156862745 %

Observation Sequence: ['2', '2', '2', '2', "1'
‘Failure’,

Observation Sequence: ['1°, "1, "1', "8’, "1°, 1, "1, "1

‘10, e,

1, 'et, 17,

"Failure’,

'qr, @Y, t2t, '2', 1Y, 1Y, ‘e, '1°,

‘Failure’, 'Failure’,

‘et, 'e’, "1, '1°, '1']

True HiddenSequence: ['Degraded’', 'Failure’', 'Failure’, 'Failure’, "Failure', 'Failure’, 'Failure’, 'Failure’, ‘Failure’,
Predicted Hidden State Sequence: ['Degraded’, 'Failure’, "Failure’, ‘Failure’, 'Failure’, 'Failure’, 'Failure’, 'Failure’,
Accuracy: 93.75 %
F1 Score: 90@.73275862068965 %

. Precision: 87.91666666666667 %

Metric 3 0 1 0

Observation Sequence: ['1°, ‘@', '1°, '2', '2%, '2', "1, 'e’, '2°, "1, 'e’, 'e’, 'e', 'e’, 'e’, ‘2%, '2°, ‘e, 'e’, ‘2%, '
True HiddenSequence: ['Degraded’, "Failure’, °Failure’, 'Failure’, 'Failure’, 'Failure’, "Failure’, 'Failure’, 'Failure®
Predicted Hidden State Sequence: [‘Degraded’, ‘Failure’, ‘Failure”, 'Failure’, °Failure’, ‘Failure’, ‘Failure’, 'Failure’,

"Normal®,

Predicted Hidden State Sequence: ['Degraded”, "Normal', ‘Failure’, ‘Failure’, 'Failure’, 'Failure
Accuracy: 98.8392156862745 %
F1 Score: 97.72252543629136 %
Precision: 98.87923169267706 %

: Recall: 98.8392156862745 %
Metric 1 0 1 0

Observation Sequence: ['@', '2°, '0', '@, 'e', ‘@', ‘@', 'e’, 'e’, ‘2%, ‘@', '2', '2', "2, ‘@', '2°, ‘@', ‘o', '2°, ‘e, ‘0]
True HiddenSequence: ['Degraded’, 'Warning’, 'Warning’, ‘Warning’, 'Warning’, 'Warning’, 'Warning’, 'Warning’, 'Warning’, ‘Warning’,
predicted Hidden State Sequence: ['Degraded’, 'Warning’, 'Warning’, 'Warning’, 'Warning’, 'Warning’, ‘Warning’, 'Warning’, 'Warning®,

‘Normal’,
*Failure

1, 2t
‘Failure’,
‘Failure

(a) Table B

‘ Metric

Performance Evaluation (%)

‘ ‘Accuracy Precision Recall Fl-score‘

Metric 1
Metric 2
Metric 3
Metric 4

98.04
95.24
93.75
98.04

98.08
90.71
87.91
96.11

98.04
95.24
93.75
98.04

97.72
92.92
90.73
97.07

7% precision drop highlights the model’s struggle when causality contradicts real-world

dynamics — observables can’t reliably indicate hidden states they don’t influence.

Metric 3 (hidden: source/environment; observable: battery/load) shows moderate per-

formance (93.75% accuracy) but lower precision (87.91%), suggesting over-prediction of

failures. This may stem from the HMM’s difficulty in modeling complex non-linear effects

between environmental factors and electrical responses.

Surprisingly, Metric 4 (hidden: battery/load; observable: source/environment) matches

Metric 1’s accuracy (98.04%) despite inverted causality. Its strong recall (98.04%) but

lower precision (96.11%) implies environmental/source observables can indirectly indicate

system states, though with slightly more false alarms.
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Confusion Matrix for HMM Prediction of BTS Power System Failure
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Figure 5.15: Confusion Matrix of Metric 1

A key limitation emerges in Table 4 (A): the absence of actual failures in test data restricts
rare-event prediction. For practical deployment, Metric 1 remains optimal; its balanced
precision-recall and physics-aligned structure minimizes false positives while accurately

capturing system dynamics.

To visualize model performance, we use a confusion matrix that compares actual out-
comes against predicted results. This matrix quantifies prediction accuracy by categorizing
results into true/false positives and negatives, providing immediate insight into where the
model excels or struggles. Metric 1’s confusion matrix (Table B) validates its near-perfect
performance in predicting BTS power failures, directly explaining the reported metrics:
98.04% accuracy, 98.08% precision, 98.04% recall, and 97.72% F1-score. The matrix
reveals 49 true positives (all degraded states correctly identified), zero false negatives (no
missed failures), and one true negative (correctly classified normal instance). The single
false positive, where a normal state was erroneously flagged as degraded, accounts for the
slight precision dip below 100%. This exceptional performance, particularly the absence
of false negatives, confirms Metric 1’s reliability for proactive maintenance planning, as it
captures every degraded state while generating minimal false alarms.

Figure 5.16 illustrates how Metric 1 tracks hidden system states in the HMM-based BTS
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Figure 5.16: Actual vs Prediction of Metric 1

failure prediction model. Across 50 observable samples, both actual and predicted states
transition from Normal to Degraded by time step 10, correctly capturing the primary
degradation trend. A minor discrepancy emerges around steps 20-30, where the actual
state briefly reverts to Normal while the prediction remains degraded. This temporary
over-prediction aligns with the confusion matrix’s single false positive, explaining the slight
precision dip to 98.08%. Despite this transient mismatch, the model maintains exceptional
overall accuracy (98.04%) and F1l-score (97.72%), confirming its effectiveness in monitoring

critical degradation patterns. Its success is attributable to the physics-aligned framework.

5.2.2 Long Short Term Memory Model Evaluation and Prediction

Long Short-Term Memory (LSTM) networks excel at analyzing sequential data by captur-
ing long-term dependencies. To optimize their performance, researchers often use grid
search for hyperparameter tuning—adjusting user-defined settings (not learned during
training). However, this process becomes computationally demanding even with limited
parameters. To balance efficiency and effectiveness, we employed the Adam optimizer
for its efficiency in stochastic gradient optimization, leveraging adaptive learning rates
that accelerate convergence while conserving memory. Between each LSTM layer, we
implemented dropout regularization—randomly omitting neurons during training—to

reduce sensitivity to specific weights and prevent overfitting. A dropout rate of 0.2 pro-
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vided the optimal balance between model robustness and accuracy preservation, consistent
with established best practices for this technique. For training cycles, we determined the
number of epochs (complete passes through the dataset) by progressively increasing from
a low baseline until the validation performance plateaued, thereby avoiding both under-
and over-training. Batch size optimization revealed that larger batches enable more stable
gradient steps per update, though we balanced this against hardware constraints during
implementation.

Figure 5.17 shows the training dynamics of our LSTM model for BTS failure pre-

LSTM Model Loss
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Figure 5.17: LSTM Train Validation Loss

diction through DC voltage forecasting. The loss curve shows training and validation
losses converging after 40-50 epochs, indicating optimal training duration with minimal
improvement beyond this point. This efficient pattern recognition capability supports
real-time deployment for proactive maintenance. While the initial high loss suggests
feature engineering opportunities (e.g., incorporating environmental factors), the stable

convergence confirms model reliability.

For performance evaluation, we employed classification metrics, since the model
outputs discrete state predictions ("Normal"/"Degraded"). This approach aligns with the
categorical nature of system health assessment. Figure 5.18 presents the confusion matrix
for our LSTM model’s classification of BT'S power system states ("Normal"/"Degraded")

using 20% of test data (9,379 samples). The results demonstrate strong predictive
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Figure 5.18: Confusion Matrix of LSTM

Table 6: LSTM Model performance

Metrics | Performance(%)
Accuracy 97.81
Precition 98.63

Recall 95.11

F1-score 96.74

capability:
e 1,891 true positives (correctly identified normal states)
e 7,283 true negatives (correctly flagged degraded states)
e Zero false negatives (no missed degradation alerts)
e 205 false positives (degraded systems misclassified as normal)

This configuration achieves exceptional reliability in detecting system degradation, for the
absence of false negatives is critical for preventing undetected failures in BTS contexts.
While the 205 false positives indicate occasional under-prediction of degradation, the overall
accuracy (97.81% in Table 6) confirms robust performance. Figure 5.19 demonstrates
that the LSTM model successfully learns and predicts the DC Output Voltage trend, with
a notable ability to adapt to changes after an initial learning phase. The stable alignment
of the predicted and actual values from 2024-10 onward reflects the model’s reliability in
forecasting voltage levels, which is crucial for detecting potential power system degradation

in BTS operations.
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Figure 5.19: DC Output Voltage of Actual vs Prediction

5.2.3 Random Forest Model Evaluation and Prediction

Random Forests (RF) is an ensemble learning method that works by constructing multiple
decision trees and then combining their results. To assess our RF model’s performance,

we carefully adjusted several key hyperparameters:

n_estimators:This determines how many individual decision trees make up the
"forest." While using more trees typically boosts the model’s accuracy, it also means

longer training times.
e max_depth: Maximum depth of each tree. Limits tree growth to prevent overfitting.

e max_features: This parameter controls the number of features considered when

looking for the best split.

e min_samples split: Minimum number of samples required to split a node. Higher

values prevent overfitting by requiring larger splits.

Figure 5.20 presents the key evaluation metrics for our model predicting BTS power
system failures: Accuracy (0.95): The model correctly predicts whether a BTS power
system will fail or not 95% of the time. High accuracy is vital in this context, as it ensures
reliable failure identification while minimizing false alarms that could trigger unnecessary
maintenance and costly downtime.

Precision (0.91): When the model predicts a failure, it is correct 91% of the time. This

high precision is essential for BTS systems to avoid wasting resources on false alarms
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Figure 5.20: Random Forest Model Performance

("false positives"). It ensures maintenance teams are dispatched only for genuine issues,
optimizing resource allocation.

Recall (0.95): The model successfully detects 95% of all actual power system failures.
This high recall rate is critical for BTS operations because missing a real failure (a "false
negative") risks unexpected outages, disrupting communication services, and negatively
impacting user experience.

F1-Score (0.93): This score (0.93) combines precision and recall into a single metric,
reflecting a strong balance between the two. It confirms the model is both highly reliable
in its failure predictions and effective at capturing the vast majority of actual failures.

Achieving this balance is particularly valuable for BTS power system maintenance.

5.2.4 Importance and Drawbacks of HMM, LSTM, and RF for BTS Power

System Failure Prediction

HMMs leverage their probabilistic framework, defined by the initial state distribution (),
state transition matrix (A), and emission probability matrix (B), to provide interpretable
tracking of degradation evolution. This capability allows causal relationships between
environmental factors (e.g., temperature shifts) and observable parameters (like voltage
fluctuations) to be traced as systems progress through predefined states: Normal, Degraded,

and Failure. By explicitly modeling sequential state transitions inherent in degradation
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pathways [58,60], HMMs emphasize state persistence over feature-level noise, achieving
98.04% accuracy on homogeneous BTS datasets with stable metrics. Their parametric

simplicity (7/A/B) further reduces overfitting risks compared to complex architectures [58].

However, intrinsic constraints limit HMM adaptability. First, model complexity grows
exponentially with added variables, degrading scalability for high-dimensional or hetero-
geneous data (e.g., fusing temperature, voltage, and load current/power streams) [60].
Second, HMMs strictly adhere to the Markov assumption (future states depend only
on the current state) and require preset degradation states. This rigidity oversimplifies
real-world failure pathways influenced by external factors like sudden environmental stress.
Finally, the emission independence limitation—where observations (e.g., sensor readings)
are treated as statistically independent within states—restricts modeling of synergistic
variable interactions (e.g., how temperature and humidity jointly impact battery voltage),

reducing flexibility for dynamic systems [60)].

LSTM networks utilize recurrent gates to effectively capture long-term temporal de-
pendencies within multivariate time series data. This capability is particularly valuable for
modeling complex, non-linear degradation patterns where past system states significantly
influence future outcomes [8]. A key advantage is LSTM’s ability to learn directly from
raw, unprocessed sequential data, eliminating the need for manual feature engineering
while remaining robust in noisy or intricate scenarios [6]. In BTS applications, LSTM
demonstrated high proficiency in sequence modeling, achieving 97.81% accuracy. However,
its computational demands during training and hyperparameter tuning make it expensive
for resource-constrained edge deployments. More critically, LSTM’s "black-box" nature ob-
scures its internal decision logic, complicating root-cause analysis—a significant drawback
for infrastructure systems where maintenance decisions require clear physical causation

(e.g., distinguishing whether a voltage dip stems from battery aging or grid fluctuation) [60].

In contrast, RF excels at feature-level analysis for snapshot-based predictions. Their



Prediction of BTS Power System Failure 71

ensemble approach—combining multiple decision trees—effectively handles missing data
and mitigates overfitting from spurious correlations [59]. RF performs well (95% accuracy)
in non-sequential scenarios, which makes it a perfect tool for fast inference on static
feature sets, such as DC output voltage status indicators. However, the same tool is less
efficient in time-sensitive BTS degradation monitoring. The core of its sequence blindness
issue means that it treats each data point as if it were a separate snapshot, without
recognizing any historical context (e.g., a slow voltage drop that has been happening for
hours). This inability to represent the temporal evolution of a situation leads to a lower
recall (95% in the case of RF vs. 97.65% for HMM) and loss of early warning, as the
machine cannot trace a malfunction that keeps changing. In addition, RF finds it hard to
deal with completely homogeneous datasets where there is very little feature variation (for
example, stable BT'S phase voltages) [59]. It depends on changing thresholds for tree splits,
which increases the number of misclassification cases if the data is not diverse enough.
On top of that, the RF method always treats features as separate inputs, and it does not
consider any physical causality in reality (for instance, the high chain temperature can

cause battery aging and voltage instability faster).
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6 Conclusion and Recommendations

6.1 Conclusions

The research was done comprehensively in order to analyze the efficiency of Hidden
Markov Models (HMM), Long Short-Term Memory (LSTM), and Random Forest (RF) to
forecast power outages in the BTS of ethiotelecom. A dataset of 46,943 records was used,
and the experiments showed that HMM was the best among other models significantly,
achieving 98.04% accuracy, 98.08% precision, 98.04% recall, and a 97.72% F1-score when
the load-related parameters were observable. The reason behind this success is that HMM
is very good at representing the transition of states that are probabilistic, which allowed it
to efficiently go through the degradation dynamics of BTS power system in the three states
that were predefined: Normal, Degraded, and Failure. The LSTM model came second
with 97.81% accuracy and 96.74% Fl-score, it was very good at recognizing temporal
patterns in sequential data, while RF presented strong but comparatively lower results
(95% accuracy, 93% F1l-score) due to its snapshot-based approach, which found it difficult

to handle the temporal dependencies.

These findings indicate HMM'’s ability for failure prediction that is proactive, thereby
allowing ET to carry out predictive maintenance strategies that are not only environmen-
tally sustainable but also efficient in reducing downtime, cutting operational costs, and
improving network reliability. HMM made good use of the Baum-Welch algorithm for
training and the Viterbi algorithm for state prediction to effectively deploy phase voltages,
DC outputs, and other power system parameter factors to forecast possible hazards. On
the other hand, HMM’s computational complexity with high-dimensional data, its restric-
tive Markov assumption, and difficulties in representing rare failure events due to dataset
homogeneity are some of the limitations. LSTM suffered from computational require-
ments and a lack of clarity in decision making, and RF’s inability to represent temporal
progression limited its usefulness in the dynamic BTS environments. Nevertheless, the

current research provides an applicable framework aimed at the reinforcement of Ethiopia’s
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telecommunications infrastructure, the facilitation of uninterrupted connectivity, and the

improvement of user satisfaction.

6.2 Recommendations

To take our predictive maintenance framework for BTS power systems one step further and
maximize its real-world impact, we propose for future work: Firstly, build hybrid models
that exploit HMM’s skill in probabilistic state transitions (Normal, Degraded, Failure) in
conjunction with deep learning’s capability of grasping intricate temporal patterns. An
HMM-LSTM example model could thus avail of HMM for the inference of hidden states and
utilize LSTM for dealing with perplexed time-series attributes such as voltage fluctuations
or temperature trends, thereby attaining both accuracy and scalability. Secondly, improve
dataset variety by adding records from different operational environments (rural/urban
sites) and BTS configurations (grid-connected, solar-powered, or hybrid systems). This
change will not only overcome the present homogeneity restrictions but also increase
the model’s robustness and capture the rare failure scenarios more efficiently. Third,
integrate HMM directly into E'T’s NetEco monitoring system. This implementation would
enable proactive failure prediction, allowing technicians to address risks before outages
occur, for example, by dispatching maintenance crews to replace degrading components

preemptively, minimizing downtime, reducing costs, and strengthening network resilience.
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