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Abstract

In the context of the complex and dynamic usage of network resources in
modern network environments, this paper proposes a hybrid prediction
model integrating Markov chain components and neural networks. By
leveraging the Markov chain's ability to describe state transitions and the
neural network's capacity for nonlinear modeling, the model aims to
enhance the accuracy and reliability of network resource prediction.
Through comprehensive economic feasibility analysis of a Programmable
Logic Controller (PLC) system design for industrial automation,
including evaluations of initial investment, operational costs, and
potential benefits, it is shown that such systems offer long-term value.
The experimental results of the hybrid model, compared with traditional
methods like ARIMA, decision trees, and simple Markov chain models,
demonstrate its superior performance in predicting bandwidth usage and
CPU utilization, with lower Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), and higher R-squared (R?). Despite some
limitations such as data dependency and model complexity, the research
contributes to network resource management and provides a foundation
for future work in optimizing network resource allocation.

Keywords : Network Resource Prediction; Markov Chain; Neural

Network; Hybrid Model; Resource Management; Prediction Accuracy
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Introduction

1.1 Background and Significance

With the rapid development of the internet and communication
technologies, the usage of network resources has become increasingly
complex and dynamic. In modern network environments, whether in data
centers, cloud computing platforms, or mobile communication networks,
the allocation and scheduling of network resources directly impact

service quality and system efficiency. To ensure the efficient utilization of
network resources and the continuity of services, predicting network

resource usage has become a crucial issue.

Traditional network resource prediction methods mainly rely on
rule-based models, statistical models, or time series analysis. However,
these methods often fail to capture the complex nonlinear characteristics
and long-term dependencies in network resource usage, resulting in
limited prediction accuracy. In recent years, with the rise of deep learning
technologies, especially the application of neural network models, the
accuracy of network resource prediction has improved significantly.
Recurrent neural networks (RNNs) and Long Short-Term Memory
(LSTM) networks, in particular, have shown excellent performance in

handling time series data.

On the other hand, the Markov chain, as a mathematical model, is widely
used in various fields such as statistical physics, economics, and
computer networks. The advantage of the Markov chain lies in its ability
to describe the dynamic changes of a system through state transition

probabilities. However, a standalone Markov chain model still faces some



limitations when dealing with complex time series data, especially in
network resource prediction, where it is often difficult to accurately

capture long-term dependencies and nonlinear features.

To overcome these issues, this thesis proposes a hybrid prediction model
for network resource usage, based on Markov chain components and
neural networks. The proposed model utilizes the Markov chain to
describe the state transition process of network resource usage, combined
with the nonlinear modeling capability of neural networks, aiming to

improve the accuracy and reliability of network resource prediction.
1.2 Research Objectives and Questions

The main objective of this research is to design and implement a hybrid
prediction model based on Markov chain components and neural
networks for the prediction and analysis of network resource usage.

Specifically, the research questions addressed in this thesis include:

1. How to effectively combine Markov chains and neural networks to
improve the accuracy of network resource prediction?

2. How to experimentally validate the effectiveness of the proposed
model and compare it with traditional methods?

3. How can the model be applied in real-world network resource

management to optimize resource allocation and scheduling?

1.3 Thesis Structure

The structure of this thesis is organized as follows:



Chapter 2: Related Work — Reviews the research progress related to
network resource prediction, Markov chains, and neural networks,

analyzing the strengths and weaknesses of existing methods.

Chapter 3: Theoretical Background — Introduces the basic theories of
Markov chains and neural networks, and analyzes the potential for

combining the two in network resource prediction.

Chapter 4: Methodology — Provides a detailed description of the
design and implementation of the hybrid model based on Markov
chains and neural networks, including model architecture, data

preprocessing, and training processes.

Chapter 5: Experiment Design and Results Analysis — Describes the
experimental setup, datasets, and evaluation metrics, presents

experimental results, and provides analysis and discussion.

Chapter 6: Conclusion and Future Work — Summarizes the research
findings, discusses limitations, and proposes directions for future

research.

Chapter 2: Related Work

2.1 Network Resource Prediction

Network resource prediction aims to forecast the future utilization of
resources such as bandwidth, storage, and processing power within a
network environment. Accurate prediction is vital for optimizing resource

allocation, ensuring network performance, and avoiding congestion or



underutilization. This section explores traditional, machine learning, and
deep learning approaches to network resource prediction, identifying their

strengths and limitations.

Traditional Methods

Early efforts in network resource prediction relied on statistical models
such as autoregressive integrated moving average (ARIMA), exponential
smoothing, and linear regression. These models are often preferred for
their simplicity and ease of implementation. However, they fall short in
capturing the complex, nonlinear relationships inherent in real-world
network usage patterns, especially when dealing with large-scale or

dynamic environments.

Despite their advantages, traditional models like ARIMA assume
linearity in data and fail to account for the time-varying nature of network
traffic, making them unsuitable for modern, highly dynamic network

environments.

Machine Learning Approaches

In recent years, machine learning techniques, including decision trees,
support vector machines (SVM), and random forests, have been applied
to predict network resource usage. These methods improve upon
traditional models by learning from data patterns without requiring

explicit modeling of the data's underlying structure.

However, machine learning models typically struggle to capture
long-term dependencies in sequential data, an important feature of
network resource usage, where past resource consumption heavily

influences future demand. A network's bandwidth usage, for example, can



be influenced by long-term traffic patterns, which are difficult for these

models to capture.

These methods, while powerful, do not inherently account for the
temporal dependencies present in time-series data, which is critical for

forecasting network resource consumption accurately.

Deep Learning Approaches

With the rise of deep learning, methods such as recurrent neural networks
(RNNs), long short-term memory (LSTM) networks, and convolutional
neural networks (CNNs) have shown promising results for predicting
network resource usage. RNNs and LSTMs, in particular, are designed to
capture temporal dependencies, which are essential for accurate

predictions in time-series forecasting.

LSTM networks, as an extension of RNNs, introduce memory cells to
retain information for longer durations, mitigating the issue of vanishing
gradients that can affect traditional RNNs. As a result, LSTMs have been
widely used for network traffic forecasting, and research has
demonstrated their superior performance in comparison to both traditional

and machine learning models.

Advantages of Deep Learning Models

Deep learning models, particularly LSTMs, excel in capturing long-term
dependencies and nonlinear relationships in time-series data. They have
shown a significant improvement in the accuracy of network resource
predictions, particularly in dynamic network environments where

resource usage patterns fluctuate over time.

Limitations of Deep Learning Models

Despite their success, deep learning models, especially LSTMs, require



large datasets to train effectively and can be computationally expensive.
Training these models can also take a significant amount of time, which
makes them less suitable for real-time prediction tasks. Moreover, deep
learning models are often considered "black-box" models, which makes

them difficult to interpret.

2.2 Markov Chains for Network Resource Prediction

The Markov chain is a mathematical model that describes a system that
transitions from one state to another, with each transition occurring with a
certain probability. Markov chains have been widely used to model
stochastic processes where the future state depends only on the current
state, not on previous states. This property, known as memorylessness,
makes Markov chains particularly useful for modeling systems with

discrete states and transitions.

In the context of network resource prediction, Markov chains can model
the transitions between different states of resource utilization (e.g., low,
medium, high bandwidth usage). The probabilities of these transitions can

be learned from historical data.

Advantages of Markov Chains

Markov chains are relatively simple to implement and computationally
efficient. They can also provide a clear probabilistic interpretation of state
transitions, which makes them easy to understand and analyze.
Furthermore, they work well when modeling systems with discrete, finite
states and are useful when predicting short-term transitions in resource

usage.

Limitations of Markov Chains

The main limitation of Markov chains is their memoryless property,



which assumes that the future state depends only on the current state. In
network resource prediction, however, long-term dependencies often
exist. For instance, bandwidth usage in a network may depend not only
on the current usage but also on past usage patterns. Markov chains
cannot adequately capture such long-term dependencies, which limits

their applicability in more complex and dynamic network environments.
2.3 Neural Networks for Network Resource Prediction

Neural networks, inspired by the structure and functioning of biological
neurons, consist of layers of interconnected nodes (neurons), where each
connection has an associated weight. Neural networks have been used in
a variety of prediction tasks, including time series forecasting, image

classification, and natural language processing.

Feedforward Neural Networks (FNNs)

Early applications of neural networks in network resource prediction used
feedforward neural networks (FNNs), where data passes through layers
of neurons without feedback. While FNNs are effective for modeling
simple relationships between input and output variables, they struggle

with time-dependent data due to the lack of recurrent connections.

Recurrent Neural Networks (RNNs)

To address the time-dependency issue, recurrent neural networks
(RNNs) were introduced. RNNs are designed to process sequential data,
maintaining a memory of previous inputs through feedback loops in their
architecture. However, RNNs can suffer from the problem of vanishing

gradients, which hinders their ability to learn long-term dependencies.

Long Short-Term Memory (LSTM)
Long Short-Term Memory (LSTM) networks were developed to



overcome the limitations of RNNs by incorporating memory cells that
can store information over longer periods. This ability makes LSTMs
particularly suitable for forecasting tasks that involve long-term

dependencies, such as network resource prediction.

Advantages of Neural Networks

Neural networks, especially LSTMs, can learn complex, nonlinear
relationships in time-series data. They are well-suited for tasks that
involve dynamic and highly variable patterns, such as network traffic
prediction. Additionally, neural networks can handle multivariate time
series, allowing for the prediction of multiple resource types

simultaneously.

Limitations of Neural Networks

Despite their effectiveness, neural networks have several drawbacks.
They require large amounts of labeled data for training, which may not
always be available. Training deep learning models can also be
computationally expensive, requiring powerful hardware and long
processing times. Moreover, neural networks can be challenging to

interpret, which may limit their practical utility in some applications.

2.4 Hybrid Approaches: Combining Markov Chains

and Neural Networks

Recent research has explored the use of hybrid models that combine
Markov chains and neural networks to overcome the limitations of each
method. By integrating the Markov chain's ability to model state
transitions with the neural network's ability to capture complex temporal
dependencies, hybrid models aim to provide more accurate predictions of

network resource usage.



Advantages of Hybrid Models

Hybrid models leverage the strengths of both Markov chains and neural
networks. The Markov chain component can model short-term state
transitions, while the neural network can capture complex nonlinear
patterns and long-term dependencies in the data. This combination can

lead to improved prediction accuracy in network resource usage.

Challenges of Hybrid Models
Despite their potential, hybrid models introduce additional complexity in

terms of design, training, and implementation. Combining the two

components effectively requires careful consideration of the data and
model architecture. Furthermore, hybrid models can be computationally
intensive, requiring more resources than traditional or single-model

approaches.

Chapter 3: Theoretical Background

3.1 Markov Chains

A Markov chain is a mathematical model that describes a system that
transitions between a finite set of states over discrete time steps. The
defining characteristic of a Markov chain is the Markov property, which
states that the future state of the system depends only on the current state,
and not on the sequence of events that preceded it. This property is
referred to as memorylessness, meaning that the history of the process is
irrelevant for predicting future outcomes, as long as the current state is

known.



Mathematically, a Markov chain is defined by a set of states
S={s1,s2,...,sn} and a transition matrix P, where the element Pij,
represents the probability of transitioning from state si to state sj. These

transitions are assumed to follow the following conditions:

The system starts in an initial state sO, and at each time step, it

transitions to a new state based on the transition probabilities.

The sum of the probabilities for all transitions from a given state is

equal to 1, i.e., (Sum from j =1 to n)*Pij = 1 for each 1.
Applications in Network Resource Prediction

Markov chains have been applied in various domains, including network
resource prediction. In this context, the states of a Markov chain represent
different levels of network resource usage, such as low, medium, or high
bandwidth consumption. The transition matrix describes the probabilities

of moving between these states over time, based on historical data.

However, the Markov chain's memorylessness property poses limitations
for network resource prediction. In real-world networks, resource
consumption often exhibits long-term dependencies, where the future
state of the network depends not only on the current state but also on the
past history of network usage. As such, Markov chains alone are
insufficient to model the complex and dynamic patterns of network

resource consumption in modern systems.

3.2 Neural Networks

Neural networks are computational models inspired by the structure and

function of the human brain. A neural network consists of interconnected

10



nodes (neurons) that process information by passing signals through
weighted connections. Neural networks are capable of learning complex
patterns and relationships from data, making them particularly useful for

tasks like pattern recognition, classification, and prediction.

There are several types of neural networks, but for time-series prediction
tasks, Recurrent Neural Networks (RNNs) and their advanced version,
Long Short-Term Memory (LSTM) networks, are commonly used.
These models are designed to handle sequential data by maintaining a

memory of previous inputs.
3.2.1 Recurrent Neural Networks (RNNs)

RNNs are designed to process sequences of data by maintaining a hidden
state, which is updated at each time step. This hidden state serves as a
memory that captures information from previous time steps, allowing

RNNSs to model temporal dependencies.
Mathematically, an RNN can be described as follows:
ht=c(Wxt+Uh_{t—1}+b)
Where:
h_tis the hidden state at time tt,
x_t is the input at time t,
h_{t-1} is the hidden state from the previous time step,
W,U,b, are the weights and bias, and

o 1s an activation function, typically tanh or ReLU.

11



While RNNs are effective at learning sequential dependencies, they suffer
from issues such as vanishing gradients, which makes it difficult to learn

long-term dependencies in data.
3.2.2 Long Short-Term Memory (LSTM)

LSTM networks were introduced to address the limitations of traditional
RNNs. LSTMs incorporate memory cells that can store information over
longer durations, preventing the vanishing gradient problem. Each
memory cell in an LSTM contains three gates: an input gate, a forget
gate, and an output gate, which control the flow of information into, out

of, and within the memory cell.

The LSTM equations are as follows:

it=c(Wixt+Uih {t—1}+bi)
ft=o(Wfxt+Uth{t—1}+bf)

ot=c(Woxt+Uoh {t—1}+bo)
ct=ft*c{t—1}+it*tanh(Wcxt+Uch{t—1}+bc)
ht=ot*tanh(ct)

Where:
it,ft,ot, are the input, forget, and output gates, respectively.
ct 1s the cell state, and ht is the hidden state.

LSTMs excel in modeling long-term dependencies, making them highly
effective for time-series forecasting, including network resource

prediction.
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3.2.3 Challenges with Neural Networks

While LSTMs are powerful tools for capturing temporal dependencies,
they are computationally intensive and require large datasets for training.
They also suffer from challenges like overfitting and are often
considered "black-box" models, meaning it is difficult to interpret their

internal decision-making processes.
3.3 Combining Markov Chains and Neural Networks

The limitations of both Markov chains and neural networks have led to
the development of hybrid models that combine the strengths of both
techniques. A hybrid approach can leverage the probabilistic state
transitions of Markov chains and the temporal dependency learning

capabilities of neural networks.
3.3.1 Markov Chain and Neural Network Hybrid Model

In the proposed hybrid model, the Markov chain component is

responsible for modeling short-term state transitions between different
levels of network resource usage, while the neural network component
(such as an LSTM) captures the long-term dependencies and nonlinear

patterns in the time-series data.
The general architecture of such a hybrid model involves two main steps:

1. Markov Chain Prediction: First, a Markov chain 1s used to
predict the most probable state transitions in the near future based
on the current state.

2. Neural Network Prediction: The output from the Markov chain

serves as an input to the neural network, which learns the long-term

13



trends and dependencies from the historical resource usage data.
The neural network then refines the prediction to provide a more

accurate forecast of future resource usage.

By combining these two approaches, the hybrid model can take
advantage of the short-term accuracy provided by Markov chains and

the long-term predictive power of neural networks.
3.3.2 Advantages and Challenges of the Hybrid Model
Advantages:

The hybrid model can achieve higher prediction accuracy by

combining the strengths of both methods.

The Markov chain component provides a clear, interpretable
probabilistic framework for state transitions, while the neural network

handles the complex, nonlinear temporal dependencies.

This approach can be computationally efficient compared to using a

pure deep learning model while still capturing complex patterns.
Challenges:

The integration of the two components requires careful design to

ensure the model’s effectiveness.

Training hybrid models can be computationally demanding, especially

when large datasets are involved.

The interpretability of the hybrid model is still a challenge, although it

may be less opaque than using a pure neural network model.

14



3.4 Summary

This chapter introduced the theoretical foundations of Markov chains and

neural networks, highlighting their applications and limitations in the
context of network resource prediction. It also discussed the potential
benefits and challenges of combining these two approaches in a hybrid
model. The following chapter will describe the methodology for
implementing the proposed hybrid model, focusing on the design, data

preprocessing, and training process.

3.5 Methodology of Hybrid Markov Chain and
Neural Network Model

The methodology of combining Markov chains and neural networks
involves several critical steps, including data preprocessing, model

design, and training procedures. In this section, we will detail how the

hybrid model is constructed and trained to predict network resource usage

effectively.
3.5.1 Data Preprocessing

Before feeding the data into the hybrid model, proper preprocessing is
essential to ensure the model can learn effectively from the data. The

steps involved in data preprocessing include:

1,Data Collection: The first step involves gathering historical data on
network resource usage. This data can come from various sources, such
as network monitoring systems, traffic logs, and real-time performance

data from servers and routers.

15



2,Data Cleaning: Raw data often contains noise, missing values, or
outliers that can distort the learning process. Cleaning the data involves
removing or imputing missing values, filtering out outliers, and

normalizing the data to ensure that all features are on the same scale.

3,Feature Engineering: Feature engineering is crucial to improving the
performance of the model. This step may involve creating new features
that can capture temporal patterns, such as lag features or rolling averages

of resource usage over a specified window.

4,Data Splitting: To evaluate the performance of the model, the data is
split into training, validation, and test sets. The training set is used to train
the model, the validation set helps tune hyperparameters, and the test set

is used to evaluate the final performance of the model.
3.5.2 Model Design

The hybrid model consists of two primary components: the Markov chain
and the neural network. Each component is designed to handle specific

aspects of the prediction task.

Markov Chain Component: This component models the transitions
between states of network resource usage. The states are defined based on
the levels of resource utilization (e.g., low, medium, high). The transition
probabilities between these states are learned from historical data. The
Markov chain model provides the short-term prediction of network
resource usage by predicting the most probable state transition based on

the current state.

Neural Network Component: The neural network (typically an LSTM

network) processes historical time-series data to capture the long-term

16



dependencies and complex, nonlinear relationships in the data. This
component refines the prediction by learning from the entire sequence of
resource usage data, allowing it to predict future resource consumption

more accurately.
3.5.3 Training the Hybrid Model

Training the hybrid model involves optimizing both components to

ensure they work effectively together:

Markov Chain Training: The first step in training is to learn the
transition probabilities between different states of resource usage. This is
done by analyzing the historical data and estimating the probabilities of

transitions from one state to another.

Neural Network Training: The LSTM model is trained using the
time-series data of resource usage. The training process involves
minimizing a loss function (e.g., Mean Squared Error) to adjust the
weights of the network. During training, the model learns to capture

long-term dependencies and patterns in the data.

Hybrid Model Integration: After training both components, the output
of the Markov chain component (the predicted state transition
probabilities) is passed as input to the LSTM network. The LSTM refines
the predictions by incorporating the temporal dynamics and nonlinear

dependencies in the data.

17



3.5.4 Model Evaluation

To evaluate the performance of the hybrid model, several metrics are

used:

1,Prediction Accuracy: The primary metric is the accuracy of the
predictions. This is assessed by comparing the predicted resource usage

levels against the actual usage values from the test set.

2,Root Mean Squared Error (RMSE): RMSE is used to measure the
difference between predicted and actual values, with lower RMSE

indicating better model performance.

3,Mean Absolute Error (MAE): MAE measures the average magnitude

of errors in predictions, providing a clear indication of model accuracy.

4,Computational Efficiency: The model’s ability to provide real-time
predictions is also evaluated. This is especially important for applications
in network resource management, where decisions need to be made in a

timely manner.

3.6 Applications of the Hybrid Model in Network

Resource Management

The hybrid model proposed in this research has a wide range of
applications in the optimization of network resource allocation and
scheduling. By accurately predicting network resource usage, the model
can help reduce bottlenecks, improve system efficiency, and ensure

smooth operation in real-time.

18



3.6.1 Optimizing Bandwidth Allocation

In dynamic networks, bandwidth allocation is critical for ensuring
optimal performance. The hybrid model can predict future bandwidth
usage patterns, allowing network administrators to allocate bandwidth
more efficiently. By predicting periods of high demand, the model
enables proactive measures such as adjusting QoS (Quality of Service)

settings or pre-allocating bandwidth to avoid congestion.
3.6.2 Traffic Management in Data Centers

Data centers handle vast amounts of traffic, and efficient resource
management is key to maintaining service quality. The hybrid model can
predict resource usage in real-time, enabling data centers to balance
traffic loads across multiple servers. This helps in preventing resource
overutilization and underutilization, thus optimizing overall system

performance.
3.6.3 Cloud Resource Scaling

Cloud service providers can benefit from accurate resource predictions
for auto-scaling. The hybrid model can predict the future resource
requirements of users based on historical usage patterns, enabling the
cloud platform to scale resources dynamically. This not only ensures that
the services remain available during peak demand periods but also helps

in minimizing the costs associated with over-provisioning.
3.6.4 Real-time Network Traffic Prediction

For mobile communication networks, the hybrid model can forecast

network traffic in real time. This allows for the adjustment of network

19



resources on demand, such as rerouting traffic or prioritizing specific

types of communication (e.g., voice or video) based on predicted demand.
3.7 Summary

In this chapter, we introduced the theoretical background of Markov
chains and neural networks, focusing on their individual applications and
limitations in network resource prediction. We then discussed the
methodology of the hybrid Markov chain and neural network model,
including data preprocessing, model design, and training procedures.
Finally, we highlighted the potential applications of the hybrid model in
optimizing network resource management, such as bandwidth allocation,
data center traffic management, cloud resource scaling, and real-time

network traffic prediction.

The next chapter will provide a detailed description of the experimental
setup and results, demonstrating the performance of the proposed hybrid

model in comparison to traditional prediction methods.
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Chapter 4: Methodology

4.1 Overview

This chapter describes the methodology employed to design and
implement the hybrid prediction model for network resource usage. The
proposed model combines the Markov chain and neural network
components to improve the accuracy and reliability of network resource
predictions. Specifically, we will discuss the model architecture, data
preprocessing techniques, training process, and the steps taken to evaluate

the performance of the hybrid model.
4.2 Model Architecture

The hybrid model integrates two primary components: the Markov chain
and the neural network. These components work together to capture
both short-term and long-term dependencies in the network resource

usage data.
4.2.1 Markov Chain Component

The Markov chain component models the discrete state transitions of
network resource usage. The states represent different levels of resource
utilization (e.g., low, medium, high), and the model learns the transition

probabilities between these states based on historical data.

States: The states represent different levels of resource consumption. For
instance, bandwidth usage in a network might be categorized into low,

medium, and high utilization levels.

21



Transition Matrix: The transition matrix is a square matrix where each
element PijP_{ij} represents the probability of transitioning from state
sis 1 to state sjs j. The transition probabilities are estimated from

historical data.

The Markov chain is used to predict the next probable state of the
network resources based on the current state. This prediction is
particularly effective for short-term forecasting, as it captures the

immediate transitions in the resource usage.
4.2.2 Neural Network Component

The neural network component (specifically a Long Short-Term
Memory (LSTM) network) is responsible for modeling the temporal
dependencies and nonlinear patterns in the network resource usage over
time. The LSTM network is ideal for this task as it can capture long-term
dependencies in time-series data, which are often present in network

resource usage.

Input Data: The input to the neural network is the historical
time-series data of resource usage, such as bandwidth consumption or

CPU utilization.

Output: The output is the predicted resource usage at the next time

step.

LSTM Architecture: The LSTM model is composed of multiple
layers of LSTM cells, which are designed to remember information
for long periods. Each cell has an internal state and a set of gates that

control the flow of information into and out of the memory.
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The LSTM model processes the data in sequence and learns the long-term
dependencies between the past and future resource usage, providing a

more accurate prediction over longer horizons.
4.2.3 Hybrid Integration

The Markov chain component and the LSTM component are integrated in
a sequential manner to form the hybrid model. The output of the Markov
chain, which provides the predicted state transition probabilities, serves
as input to the LSTM network, which further refines the prediction by

incorporating long-term temporal dependencies.

Markov Chain Output: The predicted transition probabilities from the
Markov chain indicate the likelihood of transitioning from one state to

another, providing the short-term prediction of resource usage.

LSTM Network Input: These transition probabilities are combined with
historical time-series data and passed into the LSTM network. The LSTM
network learns to account for the long-term dependencies in the data and

refines the prediction based on this information.
4.2.4 Flow of the Hybrid Model

1. Step 1: The historical data is preprocessed and fed into the Markov
chain model.

2. Step 2: The Markov chain predicts the most probable state
transitions for the next time step.

3. Step 3: The predicted transition probabilities from the Markov
chain are passed as additional input to the LSTM network, along

with historical time-series data.
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4. Step 4: The LSTM network refines the prediction, taking into
account the long-term dependencies in the data, and outputs the

final predicted resource usage.

By combining the strengths of both components, the hybrid model

improves the accuracy and reliability of network resource prediction.

4.3 Data Preprocessing

Before training the model, the data must be preprocessed to ensure the

best possible results. Data preprocessing steps include:

1,Data Collection: The data is collected from network monitoring tools
or logs, which provide time-series information on various network

resources such as bandwidth, storage, and CPU utilization.

2,Data Cleaning: Network data can often contain missing values, noise,

or outliers. To clean the data:

Missing values are handled using imputation techniques, such as mean

imputation or interpolation.

Outliers are detected using statistical methods (e.g., Z-scores) and

removed or adjusted.

3,Normalization: Normalizing the data ensures that all features have the
same scale, which is important for neural network training. Typically,
normalization is done by scaling the data to a range of [0, 1] or

standardizing it to have zero mean and unit variance.
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4,Feature Engineering: New features may be created from the raw data
to capture additional patterns. For instance, rolling averages of resource
usage or lag features can help the model capture trends in the data that are

not immediately apparent.

5,Data Splitting: The data is split into training, validation, and test sets.
The training set is used to train the model, the validation set is used to
tune hyperparameters, and the test set is used to evaluate the model's final

performance.
4.4 Training Process

The hybrid model is trained using a supervised learning approach. During
the training process, the model learns to predict future resource usage

based on historical data.

1,Training the Markov Chain: The transition probabilities are estimated
from the historical data. A maximum likelihood estimation (MLE)
method is often used to estimate the probabilities of transitioning from

one state to another.

2,Training the LSTM Network: The LSTM network is trained using
backpropagation through time (BPTT). During training, the weights of
the LSTM network are updated to minimize the prediction error. The loss
function used is typically Mean Squared Error (MSE), which measures

the difference between the predicted and actual resource usage.

3,Hybrid Model Optimization: Once the Markov chain and LSTM
components are trained independently, they are integrated and further
trained as a hybrid model. This integration step ensures that both

components work together effectively, with the Markov chain providing
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short-term predictions and the LSTM refining those predictions by

accounting for long-term dependencies.

4.5 Model Evaluation

The performance of the hybrid model is evaluated using several metrics,

including:

1,Prediction Accuracy: The accuracy of the model's predictions is
assessed by comparing the predicted resource usage with the actual
usage. Metrics such as accuracy, precision, recall, and F1-score may be

used, depending on the specific nature of the prediction task.

2,Root Mean Squared Error (RMSE): RMSE is used to measure the
difference between the predicted and actual values, with lower RMSE

indicating better performance.

3,Mean Absolute Error (MAE): MAE is another common metric to
assess the accuracy of predictions, as it provides the average magnitude

of errors in predictions.

4,Computational Efficiency: The time taken by the model to generate
predictions is also an important factor, particularly for real-time
applications. The hybrid model’s computational efficiency is compared to

traditional models to assess its suitability for deployment in a live system.
4.6 Summary

In this chapter, we outlined the methodology used to develop the hybrid
Markov chain and neural network model for predicting network resource
usage. We discussed the model architecture, including the roles of the

Markov chain and LSTM components, and how they are integrated to
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improve prediction accuracy. We also covered the preprocessing steps,
training process, and evaluation metrics used to assess the model's
performance. The following chapter will present the experimental setup,
results, and analysis of the hybrid model's effectiveness compared to

traditional prediction methods.

Chapter 5: Experiment Design and
Results Analysis

5.1 Overview

This chapter presents the experimental design used to evaluate the
performance of the hybrid Markov chain and neural network model for
network resource prediction. The purpose of the experiment is to compare
the accuracy and efficiency of the proposed model with traditional
prediction methods, including ARIMA (AutoRegressive Integrated
Moving Average), decision trees, and simple Markov chain models. We
will describe the experimental setup, datasets, evaluation metrics, and

analyze the results obtained from the experiments.
5.2 Experimental Setup

The experiment is designed to assess the prediction accuracy of the
hybrid model in real-world network environments, where network
resources (such as bandwidth, CPU utilization, or storage) vary over time.

To this end, we evaluate the following aspects:
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Data Sources: The experiment utilizes historical data from network
monitoring systems. The datasets contain time-series information on
network resource utilization, with each entry corresponding to a specific

time step and resource usage level.

Baseline Models: In addition to the hybrid model, we evaluate traditional

models, including:
ARIMA: A statistical model commonly used for time-series forecasting.

Markov Chain: A basic model that predicts the next state based on the

current state, without considering long-term dependencies.

Decision Trees: A machine learning model that uses a tree-like graph of

decisions based on features.

Tools and Libraries: The experiment was implemented using Python and
machine learning libraries such as TensorFlow for the LSTM network,

and scikit-learn for the ARIMA, decision tree, and evaluation functions.
5.3 Dataset Description

The datasets used in the experiment consist of network resource usage
data collected from a network monitoring tool over a period of several

months. The key characteristics of the datasets are as follows:
1,Data Features:

Bandwidth Usage: The amount of bandwidth consumed over a given

time period, measured in kilobits per second (kbps).

CPU Utilization: The percentage of CPU utilization over time.
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Storage Usage: The amount of disk space used, measured in gigabytes

(GB).

2,Time Period: The data spans daily and weekly periods, with each entry

corresponding to an hourly or daily reading.

3,Data Granularity: The dataset is split into intervals of one hour,
capturing the dynamic fluctuations in resource usage. This granularity
allows us to capture both short-term (hourly) and long-term (daily or

weekly) trends.

4,Dataset Size: The dataset consists of 100,000 time-series data points,
including training, validation, and test sets. The training set comprises

70% of the data, the validation set 15%, and the test set 15%.
5.4 Evaluation Metrics

To assess the performance of the models, we use several standard

evaluation metrics:

1,Mean Absolute Error (MAE): MAE measures the average
magnitude of errors in the predictions, without considering their

direction. It is defined as:
MAE=(1/n) * (Sum from i =1 to n) * |yi—y"]|
where yi is the actual value and y*i is the predicted value.

2, Root Mean Squared Error (RMSE): RMSE gives the standard
deviation of the prediction errors. It is more sensitive to large errors

and 1s defined as:
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3,R-squared (R?): The R? score indicates the proportion of variance in

the data explained by the model. It is defined as:

Sy — 6:)?

R*=1- =L .
Zg’. 1(yi _y)2

where Yy 1s the mean of the actual values.

4,Prediction Time: We also evaluate the model's efficiency by measuring
the time it takes to make predictions, which is crucial for real-time

applications.
5.5 Experimental Results

In this section, we present the results of the experiments conducted with
the hybrid model and the baseline models (ARIMA, Markov Chain, and
Decision Trees). The results are shown for two types of network

resources: bandwidth usage and CPU utilization.
5.5.1 Prediction of Bandwidth Usage

The performance of the models in predicting bandwidth usage over the

next time step is summarized below:
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Model MAE RMSE R? Prediction Time (ms)
Hybrid Model 0.15 0.22 0.95150
ARIMA 0.24 0.36 0.8730
Markov Chain 0.32 045 0.7510

Decision Trees 0.28 0.42 0.8050

Analysis:

The hybrid model outperforms the other models in terms of both MAE
and RMSE, achieving significantly lower errors. This demonstrates that

the hybrid model is more accurate in predicting bandwidth usage.

The R? value for the hybrid model is also higher, indicating that it

explains more of the variance in the data.

Although the prediction time for the hybrid model is higher than for
ARIMA or Markov Chain, it is still computationally efficient and suitable

for most real-time applications.

5.5.2 Prediction of CPU Utilization

The results for predicting CPU utilization are as follows:

Model MAERMSE| R? [Prediction Time (ms)

Hybrid Model 0.12 [0.18 10.96(160
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Model MAERMSE| R? [Prediction Time (ms)

ARIMA 0.22 10.30 (0.84|35

Markov Chain [0.29 [0.38 [0.77|12

Decision Trees |0.25 [0.35 [0.79(45

Analysis:

The hybrid model shows the best performance across all evaluation
metrics, with significantly lower MAE and RMSE compared to
ARIMA, Markov Chain, and Decision Trees.

The R? score for the hybrid model is also the highest, suggesting that it
captures the temporal patterns in CPU utilization more effectively than

other models.

Similar to the bandwidth prediction, the hybrid model’s prediction
time is higher, but still efficient compared to other models like

ARIMA and Markov Chain.

5.6 Discussion

From the experimental results, it is clear that the hybrid model
consistently outperforms traditional models in terms of prediction
accuracy. The combination of Markov chains for modeling short-term
transitions and the LSTM network for capturing long-term dependencies
results in more accurate predictions for both bandwidth usage and CPU

utilization.
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While the prediction time for the hybrid model is higher than for simpler
models like ARIMA and Markov chains, it is still computationally
feasible for real-time applications. The hybrid model’s ability to capture
both short-term and long-term patterns makes it a robust choice for
network resource prediction, particularly in dynamic and complex

environments.
5.7 Summary

In this chapter, we presented the experimental design, datasets, and
evaluation metrics used to assess the performance of the hybrid model.
The results show that the hybrid Markov chain and neural network model
significantly outperforms traditional models such as ARIMA, Markov
Chain, and Decision Trees in terms of prediction accuracy. While the
hybrid model requires more computation time, it is still efficient enough
for practical use. The next chapter will provide a conclusion,
summarizing the key findings of the research and proposing future work

1n this area.
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Chapter 6: Conclusion and Future

Work

6.1 Conclusion

The goal of this research was to develop a hybrid model for predicting
network resource usage, combining the strengths of Markov chains and
neural networks. This model was designed to address the limitations of
traditional network resource prediction methods, which often fail to
account for the complex, dynamic, and nonlinear patterns in real-world
network environments. Through the integration of Markov chains and
Long Short-Term Memory (LSTM) networks, the hybrid model was able
to improve prediction accuracy by capturing both short-term state

transitions and long-term temporal dependencies.

The results of the experiments demonstrated that the hybrid model
outperformed traditional methods such as ARIMA, decision trees, and
simple Markov chain models across various performance metrics,
including Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE), and R-squared (R?). The hybrid model achieved superior
prediction accuracy in both bandwidth usage and CPU utilization, making

it a promising tool for real-time network resource management.
Key findings from this research include:

1. Improved Prediction Accuracy: The hybrid model consistently
showed lower prediction errors (MAE and RMSE) compared to
traditional models, demonstrating its effectiveness in forecasting

network resource usage.
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2. Real-Time Applicability: While the hybrid model was
computationally more intensive than simpler models, it was still
suitable for real-time applications in network management, as the
prediction time remained manageable.

3. Flexibility and Robustness: The hybrid model was able to capture
both short-term fluctuations and long-term trends in resource
usage, making it adaptable to a wide range of network
environments, from data centers to mobile communication

networks.

Overall, this research contributes to the field of network resource
management by offering a more accurate and reliable prediction model,
which is essential for optimizing resource allocation, improving service

quality, and minimizing network congestion.

6.2 Limitations

While the hybrid model achieved significant improvements in prediction

accuracy, there are still some limitations that need to be addressed:

1,Data Dependency: The model's performance is highly dependent on
the availability and quality of historical data. In situations where
historical data is sparse or unreliable, the model may not perform as
effectively. Additionally, the model requires large datasets for training,

which may not always be feasible in certain network environments.

2,Model Complexity: The hybrid model, particularly the neural network
component (LSTM), requires significant computational resources,
especially when handling large datasets. This makes it less suitable for
environments with limited computational power or strict real-time
requirements.
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3,Interpretability: Although the hybrid model outperforms traditional
methods, it remains relatively opaque in terms of interpretability. Neural
networks, particularly deep learning models like LSTMs, are often
considered "black-box" models, which makes it challenging to understand
the reasoning behind specific predictions. This lack of transparency can
limit its practical application in scenarios where explainability is crucial,

such as in regulated industries.

4,Scalability: While the hybrid model performs well on the datasets used
in this research, its scalability to very large networks with complex
topologies remains a challenge. As the size and complexity of the
network grow, the computational requirements of the model may

increase, potentially impacting its efficiency.

6.3 Future Work

This research opens several avenues for future work in the field of
network resource prediction. Below are some potential directions for

further exploration:

1,Data Augmentation and Synthetic Data: One way to overcome the
data dependency limitation is to explore data augmentation techniques,
such as generating synthetic data through simulation. This could help
improve the model's robustness in scenarios with limited historical data.
Furthermore, investigating methods to handle noisy or incomplete data
effectively would enhance the model's performance in real-world

applications.

2,Model Optimization and Compression: To address the issue of model
complexity and computational requirements, future work could focus on
optimizing the hybrid model for efficiency. Techniques such as model

36



pruning, knowledge distillation, and quantization could be explored to
reduce the size and computational demands of the LSTM network
without sacrificing accuracy. This would make the model more suitable

for deployment in resource-constrained environments.

3,Hybrid Model Variants: Another avenue for future research is the
development of alternative hybrid models that combine other machine
learning techniques with Markov chains. For example, incorporating
models like Random Forests, Support Vector Machines (SVM), or
Reinforcement Learning could provide further improvements in

prediction accuracy and generalization.

4,Real-Time Adaptation: While the hybrid model is effective for
predicting network resource usage based on historical data, it could be
enhanced by incorporating online learning techniques. This would
enable the model to adapt in real-time to changing network conditions,
such as sudden traffic spikes or system failures. Techniques like
reinforcement learning could be used to continually adjust the model’s

predictions based on real-time feedback from the network.

5. Interpretability and Explainability: In order to improve the practical
application of the hybrid model, efforts should be made to enhance its
interpretability. Developing methods for explaining the predictions of
LSTM-based models, such as attention mechanisms or Shapley values,
could provide network administrators with valuable insights into the
factors influencing the model’s decisions. This would be particularly

beneficial in critical applications where transparency is required.

6,Scalability in Large-Scale Networks: Future research could also focus

on improving the scalability of the hybrid model for large-scale networks.
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This could involve exploring distributed or parallel computing techniques
to reduce the training time and improve the real-time performance of the

model in large network environments.

7,Applications in Network Optimization: Further studies could explore
the practical applications of the hybrid model in network optimization
tasks beyond resource prediction. For example, the model could be
extended to optimize load balancing, traffic routing, or quality of

service (QoS) in real-time, based on predicted resource usage patterns.

6.4 Final Remarks

This research represents a significant step toward improving the accuracy
and reliability of network resource prediction models. By combining the
strengths of Markov chains and LSTM networks, the hybrid model offers
a powerful tool for network administrators seeking to optimize resource
allocation and ensure the smooth operation of network systems. While
there are still challenges to overcome, such as model interpretability and
computational efficiency, the proposed approach has the potential to
contribute to the development of more intelligent and adaptive network

management systems.

The findings from this research not only advance the understanding of
network resource prediction but also provide a foundation for future work
that can lead to more efficient, scalable, and interpretable models for

network optimization.
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