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ABSTRACT 
 

Edge-cloud systems are heterogeneous computational infrastructures designed to manage 

workloads across distributed environments. Accurate performance predictions of these systems are 

essential for optimizing resource allocation, reducing latency, and improving overall efficiency. 

Traditional performance analysis tools, which do not leverage machine learning (ML), often 

introduce significant errors. This study proposes the use of ML models to predict key performance 

metrics in heterogeneous edge-cloud systems. Five different ML models are trained and used to 

estimate the system’s performance. The models include Random Forest (RF), Long Short-Term 

Memory (LSTM), Deep Neural Network (DNN), Recurrent Neural network (RNN), and a hybrid 

model combining RNN and DNN. The input datasets for training are sourced from the Wichita 

State University Computer Architecture and Parallel Programming Laboratory (CAPPLab). The 

performance of these models is evaluated using Mean Absolute Error (MAE) and Root Mean 

Square Error (RMSE). The predicted communication latency and power consumption values are 

then compared against previously generated VisualSim results to assess the accuracy and 

effectiveness of the ML-based approach. 

The simulation results indicate that the RF model delivers superior performance, as 

reflected in its lower testing MAE and RMSE, demonstrating its effectiveness in capturing system 

dynamics. The deep learning models—LSTM, DNN, and RNN—exhibit varying levels of 

accuracy, with some models outperforming others in specific scenarios. The hybrid RNN-DNN 

model strikes a balance between computational complexity and predictive accuracy. The ML-

predicted values follow a similar trend to the VisualSim results. 
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CHAPTER 1 

INTRODUCTION 

1.1 Introduction to Edge-Cloud Systems 

Predicting the performance of heterogeneous edge-cloud systems using machine learning 

models is a critical area of research, given the increasing complexity and diversity of modern 

computing environments. Machine learning techniques have been employed to develop 

performance prediction models for cloud-native 5G mobile cores, addressing both control and user 

plane functionalities [1]. In edge-cloud networks, data volume prediction schemes have been 

proposed to enhance customer experience, utilizing models trained for generalization across 

various scenarios [2]. Comparative analyses between full-cloud and edge-cloud architectures have 

been conducted, particularly in the context of Industrial Internet of Things (IIoT) anomaly 

detection systems, highlighting the performance implications of each approach [3]. Furthermore, 

frameworks have been developed to detect and predict infrastructure-level faults in edge clouds 

using supervised machine learning, thereby improving system reliability and performance [4]. 

These studies underscore the pivotal role of machine learning in forecasting and optimizing the 

performance of heterogeneous edge-cloud systems. 

The integration of edge and cloud computing has led to the development of various 

architectural frameworks designed to optimize performance, scalability, and resource utilization. 

A comprehensive survey on cloud and edge computing architecture explores the key architectural 

dimensions and layers, providing insights into how these systems can be effectively combined to 

meet diverse application requirements [5]. 
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In the context of Industrial Internet of Things, performance evaluations have been 

conducted to compare full-cloud and edge-cloud architectures for anomaly detection systems. 

These studies propose test methodologies to assess the effectiveness of each architecture, 

highlighting the benefits of edge-cloud integration in terms of latency reduction and real-time 

processing capabilities [6]. 

Furthermore, the application of edge-to-cloud methods has been explored in deep learning 

workflows, particularly in the detection and classification of complex patterns. This approach 

leverages the strengths of both edge and cloud resources to enhance processing efficiency and 

accuracy [7]. 

These developments underscore the evolving landscape of edge-cloud systems, 

emphasizing the importance of collaborative architecture in addressing the demands of modern 

applications. 

1.2 Machine Learning for Performance Prediction 

Machine learning has become a pivotal tool for predicting the performance of edge-cloud 

systems, enabling dynamic resource management and efficient task scheduling. By analyzing vast 

datasets generated across edge and cloud environments, ML models can forecast system behavior 

under various conditions, facilitating proactive optimization strategies. 

A comprehensive survey on deploying ML in edge computing highlights recent 

advancements in models, architecture, hardware, and design requirements tailored for low-

resource devices at the edge and within cloud networks. This survey emphasizes the importance 

of optimizing ML models to operate efficiently across heterogeneous environments, ensuring 

seamless integration and performance [8]. 
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In the realm of smart healthcare, frameworks like HealthEdge utilize ML-based approaches 

within integrated IoT, edge, and cloud computing systems to predict conditions such as type 2 

diabetes. This integration demonstrates the practical application of ML in performance prediction, 

where data from various sources is processed to deliver timely and accurate health predictions [9]. 

Furthermore, the concept of Edge Learning (EL) has emerged, focusing on optimizing ML 

model training at the edge. This approach addresses the challenges posed by limited computational 

resources and the need for real-time data processing, proposing solutions for effective ML 

deployment in edge-cloud collaborative environments [10]. 

These developments underscore the critical role of machine learning in enhancing the 

performance and reliability of edge-cloud systems, paving the way for more responsive and 

intelligent computing infrastructures. 

1.3 Heterogeneous Edge-Cloud Architectures 

Heterogeneous edge-cloud architecture has emerged as a critical enabler for modern 

distributed computing systems, addressing the need for seamless integration of diverse hardware 

and software resources across edge devices and cloud servers. These architectures are designed to 

handle the varying computation, storage, and networking capabilities of edge nodes while 

leveraging the scalability and power of cloud infrastructure. By combining the strengths of both 

environments, heterogeneous architectures support a wide range of applications, from real-time 

analytics to large-scale data processing [11]. 

A key challenge in heterogeneous edge-cloud systems is managing the diversity of 

hardware resources, such as CPUs, GPUs, and specialized accelerators (e.g., TPUs and FPGAs), 

across edge and cloud layers. Recent research has focused on developing adaptive resource 

management frameworks that dynamically allocate tasks based on the capabilities of available 
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devices. For example, a framework called EdgeCloudOpt employs machine learning to predict 

resource availability and optimize task offloading decisions, ensuring efficient utilization of both 

edge and cloud resources [12]. 

In the domain of industrial IoT, heterogeneous architecture has been instrumental in 

enabling real-time monitoring and predictive maintenance. By deploying lightweight ML models 

on edge devices for immediate data processing and leveraging cloud-based models for deeper 

analysis, these systems achieve a balance between latency and accuracy. A case study in smart 

manufacturing demonstrated how such architectures reduced downtime by 30% through real-time 

fault detection and predictive analytics [13]. 

Moreover, the integration of 5G networks with heterogeneous edge-cloud systems has 

further enhanced their capabilities. The low latency and high bandwidth of 5G enable faster data 

transmission between edge devices and cloud servers, facilitating real-time applications like 

autonomous driving and augmented reality. Research has shown that 5G-enabled edge-cloud 

architectures can reduce communication latency by up to 50% compared to traditional cloud-

centric approaches [14]. 

These developments highlight the critical role of heterogeneous edge-cloud architectures 

in addressing the challenges of modern computing environments. By enabling efficient resource 

utilization, reducing latency, and supporting diverse applications, these architectures are paving 

the way for more robust and scalable distributed systems.  

1.4 Performance Metrics and Evaluation 

Evaluating the performance of edge-cloud systems necessitates the use of specific metrics 

tailored to capture the unique characteristics of these architectures. A comprehensive taxonomy of 

real-world performance metrics has been proposed for evaluating IoT, mist, edge, fog, and cloud 
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computing environments. This taxonomy maps performance metrics to application pipelines, 

facilitating a structured approach to performance assessment [15]. 

In latency-sensitive applications, such as those found in Industrial Internet of Things 

settings, performance evaluation methodologies have been developed to compare full-cloud and 

edge-cloud architectures. These methodologies focus on metrics like responsiveness, reliability, 

throughput, interoperability, and scalability under given workloads, providing insights into the 

effectiveness of each architecture in handling specific tasks [16]. 

Furthermore, benchmarking studies have been conducted to assess the performance of 

edge-cloud systems in scenarios like machinery vibration monitoring. These studies identify key 

performance metrics and compare edge and cloud platforms, aiding in informed decision-making 

regarding platform selection based on context and performance requirements [17]. 

These efforts underscore the importance of tailored performance metrics and evaluation 

methodologies in understanding and optimizing the performance of heterogeneous edge-cloud 

systems.  

1.5 Challenges in Performance Prediction 

Accurately predicting the performance of heterogeneous edge-cloud systems presents 

several challenges due to their inherent complexity and variability. One significant challenge is the 

dynamic nature of workloads in multi-tenant edge-cloud platforms. The heterogeneous application 

patterns, variable infrastructure performance, and frequent deployments in these environments 

complicate accurate workload prediction, necessitating sophisticated models capable of adapting 

to these dynamics [18]. 

Another challenge arises from the resource-constrained nature of edge devices. While edge 

computing offers lower network latencies, the limited computational resources at the edge can lead 
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to higher end-to-end latencies, especially under high utilization. This phenomenon, known as 

performance inversion, occurs when the queuing delays at the edge offset the benefits of reduced 

network latency, making performance prediction more complex [19]. 

Additionally, the distributed and decentralized architecture of edge-cloud systems 

introduces variability in network conditions, resource availability, and data distribution. This 

variability poses challenges for performance prediction models, which must account for diverse 

factors such as network bandwidth fluctuations, latency variations, and the heterogeneity of edge 

devices [20]. 

These challenges underscore the need for advanced predictive models and adaptive 

strategies to effectively manage and optimize the performance of edge-cloud systems. 

1.6 Performance Parameters 

When forecasting the performance of heterogeneous edge-cloud systems, it is crucial to 

assess machine learning models utilizing suitable performance metrics. Metrics such as Mean 

Absolute Error and Root Mean Square Error are frequently employed to evaluate prediction 

accuracy, while Computational Complexity aids in determining the models' efficiency. These 

metrics are particularly advantageous as they offer insights into both the efficacy of the models 

and their applicability in resource-constrained settings, such as edge devices. By taking into 

account both accuracy and efficiency, these performance evaluation tools contribute to ensuring 

that the models are not only dependable but also viable for deployment in real-world scenarios. 
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TABLE 1 

Notations Used 

No. Description Notation 

1 Mean Absolute Error MAE 

2 Root Mean Square Error RMSE 

 

1.6.1 Mean Absolute Error 

MAE is a straightforward metric that measures the average magnitude of errors in a 

model’s predictions, without considering their direction. It is computed by taking the average of 

the absolute differences between the predicted and actual values. A lower MAE indicates a more 

accurate model. In the context of edge-cloud systems, MAE is used to evaluate how closely the 

predicted performance metrics align with the actual system performance. 

Mathematically, MAE is defined as: 

                                           𝑀𝑀𝑀𝑀𝑀𝑀 = 1
𝑛𝑛

 ∑ |𝑦𝑦𝑖𝑖 −  𝑦𝑦�𝑖𝑖|𝑛𝑛
𝑖𝑖=1                                                         (1) 

1.6.2 Root Mean Square Error 

RMSE is another widely used metric that penalizes larger errors more heavily than MAE. 

It is calculated by taking the square root of the average squared differences between predicted and 

actual values. RMSE is sensitive to outliers and can provide a better understanding of how the 

model performs in cases where large prediction errors are undesirable. For edge-cloud systems, 

RMSE helps in assessing the model's ability to predict extreme performance variations accurately. 

Mathematically, RMSE is defined as: 
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𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �1
𝑛𝑛

 ∑ (𝑦𝑦𝑖𝑖 −  𝑦𝑦�𝑖𝑖)2𝑛𝑛
𝑖𝑖=1                                                       (2) 

1.6.3 Computational Complexity 

Computational complexity refers to the amount of computational resources required by a 

machine learning model, including time and memory, to train and make predictions. In edge-cloud 

systems, where resources are often constrained, understanding the computational complexity of a 

model is crucial for determining its practicality in real-time applications. Lower computational 

complexity ensures that the machine learning model can be deployed efficiently without 

overwhelming the system’s resources. 

1.7 System Performance Parameters  

Evaluating system performance in an edge-cloud environment is crucial for optimizing 

resource allocation, ensuring efficiency, and improving overall system responsiveness. This 

section defines key performance parameters that influence decision-making in edge-cloud 

computing and how they are predicted using machine learning models. 

1.7.1 Throughput 

Throughput refers to the amount of data processed by the system within a given time frame. 

It is a critical metric in edge-cloud systems as it determines the efficiency of data transmission and 

processing between the edge devices and cloud servers. High throughput indicates a well-

optimized system with minimal bottlenecks. The machine learning model in this project predicts 

throughput based on various input parameters such as network latency, resource availability, and 

task complexity. 
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1.7.2 Energy Consumption 

Energy consumption is a vital consideration, especially in edge devices with limited power 

resources. Efficient energy usage is essential for prolonging device lifespan and reducing 

operational costs. The project aims to model and predict energy consumption by analyzing 

workload distribution, computation offloading strategies, and hardware efficiency. By leveraging 

predictive analytics, the system can optimize energy consumption without compromising 

performance 

1.7.3 Execution Time 

Execution time measures the duration required to complete a given task or computation. In 

edge-cloud systems, execution time depends on factors like network latency, processing power, 

and resource allocation strategies. Predicting execution time accurately allows for better 

scheduling, reduced delays, and enhanced quality of service (QoS). The machine learning model 

considers historical execution times, system workload, and available resources to estimate future 

execution durations. 

1.8 Performance Analysis Using VisualSim 

Performance analysis plays a crucial role in optimizing the efficiency of edge-cloud 

systems, ensuring seamless task execution, resource utilization, and minimal processing delays. 

VisualSim is a discrete-event simulation tool that enables the modeling of complex distributed 

architectures, making it an ideal choice for analyzing performance bottlenecks, scheduling 

policies, and resource allocation strategies in edge-cloud environments. By simulating real-

world workloads, VisualSim helps evaluate critical system metrics such as latency, throughput, 

energy consumption, and computational overhead. In an edge-cloud system, where tasks are 

dynamically assigned between local edge devices and cloud servers, VisualSim can provide 
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insights into network congestion, task migration delays, and adaptive scheduling strategies. 

This enables the optimization of workload distribution and the development of efficient task-

offloading techniques. By leveraging VisualSim-based performance analysis, the system's 

responsiveness can be improved while ensuring that computational resources are utilized 

effectively, ultimately enhancing the overall quality of service in edge-cloud computing [21]. 

1.9 Problem Description and Contributions 

A fundamental challenge in the management of edge-cloud systems lies in accurately 

forecasting their performance in real-time, given that elements such as workload distribution, 

network conditions, and resource availability can profoundly influence the behavior of the system. 

Precise performance predictions are crucial for optimizing resource allocation, minimizing latency, 

and enhancing overall system efficiency. By grasping how various factors interrelate within the 

edge-cloud milieu, one can formulate more effective strategies for resource management and 

guarantee seamless operations. 

The traditional approaches of performance modeling generally fails to capture the highly 

dynamic and variable nature of edge-cloud environments. Consequently, there’s a requirement for 

more sophisticated methods that can give reliable performance predictions across a variety of 

system scenarios. This thesis endeavors to solve the challenge of performance prediction in varying 

edge cloud systems configurations through an exhaustive analysis of few models appropriate for 

the forecasting of critical performance metrics. These predictions are very important, especially 

for supporting real time applications, so that the resources can be efficiently allocated and the 

system can be operated without any glitches and lags as the performance of the interface becomes 

the critical aspect. 
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The focus of this work is to build accurate predictive models of performance metrics 

critical in the edge-cloud systems, like latency, response time and throughput. The research uses 

real active performance data to evaluate the models and validate which methods provide accurate 

and reliable forecasts. Even more, due to the complex nature of the edge-cloud environment, it is 

also essential to evaluate the models’ generalization performance on new data as generalization 

performance is key to utilizing predictions remain accurate under different conditions. 

This paper brings a lot onto the table. First off, it dives into various models that aim to 

predict how edge-cloud systems perform, using actual data from the real world. This is super 

helpful because it gives us a clearer picture of how these systems act in different situations. 

Then, it takes a good, hard look at these models, measuring their performance with some standard 

metrics—think Mean Absolute Error and Root Mean Square Error. By doing this, the research 

shines a light on what each model does well and where they might fall short, helping us figure out 

which methods might be best for making accurate predictions. And lastly, the paper doesn’t stop 

at theory. It also shares some practical insights on how these models can be applied to edge-cloud 

systems, giving solid recommendations for better resource management and boosting the 

reliability of these infrastructures.  

1.10 Manuscript Organization 

The manuscript is organized as follows: Chapter 2 reviews related literature and studies 

relevant to performance prediction in heterogeneous edge-cloud systems. Chapter 3 provides a 

description of the methodology, including performance metrics, model selection, and dataset 

details. Experimental results and model evaluations are discussed in Chapter 4. Chapter 5 

concludes the study and suggests potential areas for future research. 
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CHAPTER 2 

RELATED WORK 

In this chapter, we review the relevant literature to provide the necessary background and 

context for our research on performance prediction in heterogeneous edge-cloud systems. We 

begin by discussing traditional performance modeling approaches, followed by an exploration of 

the role of machine learning in system performance prediction. A comparative analysis of different 

machine learning models used in edge-cloud systems is presented, along with a review of 

connection topologies and data handling techniques in heterogeneous architectures. We also 

examine the differences between centralized and distributed resource management and highlight 

the evaluation metrics commonly used in related studies. Finally, we summarize the key findings 

from the literature review. 

2.1 Connection Topologies in Edge-Cloud Networks 

In edge-cloud networks, the choice of connection topology significantly influences 

performance metrics such as latency, bandwidth utilization, and fault tolerance. Various topologies, 

including hierarchical, mesh, and hybrid structures, have been explored to optimize these 

parameters. For instance, in [23], the authors examine different network topologies for connecting 

multiple infrastructure edge data centers, discussing their impact on performance and scalability. 

Similarly, [24] proposes a fast hierarchical topology update scheme for large-scale IoT systems 

enabled by edge-cloud collaboration, aiming to enhance network efficiency and responsiveness. 

These studies underscore the critical role of connection topologies in the design and optimization 

of edge-cloud networks.  
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2.2 Data Handling in Heterogeneous Architectures 

Efficient data handling in heterogeneous architecture is crucial for optimizing performance 

in edge-cloud systems. These architectures often integrate diverse processing units, such as CPUs, 

GPUs, and specialized accelerators, each with unique data access patterns and memory hierarchies. 

Effective data movement strategies are essential to minimize latency and maximize throughput. 

For instance, in [25], the authors present performance models for various paths of inter-node 

communication on modern heterogeneous architectures, providing insights into optimizing data 

movement across different components. Similarly, [26] proposes a memory organization and 

dynamic migration scheme to efficiently share data between host and device at fine granularity, 

addressing challenges in data sharing on heterogeneous systems. These studies highlight the 

importance of tailored data handling strategies to effectively manage the complexities inherent in 

heterogeneous computing environments. 

 

Figure 1. A schematic of a heterogeneous node [25] 

The schematic of a heterogeneous node, as depicted in the image, illustrates the architecture 

of a system with multiple CPUs and GPUs interconnected via a Network Interface Card (NIC). 

This configuration is highly relevant to your project on edge-cloud systems, as it highlights the 
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complexity of data movement and processing in heterogeneous architectures. Understanding how 

data flows between CPUs and GPUs, and the role of the NIC in facilitating communication, is 

crucial for predicting system performance and optimizing resource utilization. The insights from 

this schematic can inform your machine learning models by providing a clearer picture of the 

hardware constraints and communication overheads that impact performance metrics like 

computational complexity, MAE, and RMSE in edge-cloud environments. 

2.3 Centralized vs. Distributed Resource Management 

In edge-cloud systems, resource management strategies are pivotal in determining system 

performance and efficiency. Centralized resource management involves a single entity overseeing 

resource allocation and scheduling, which can lead to optimized performance but may suffer from 

scalability issues and single points of failure. Conversely, distributed resource management 

distributes the responsibility across multiple nodes, enhancing scalability and fault tolerance but 

potentially introducing complexity in coordination and consistency. For example, in [27], the 

authors discuss a distributed resource data application framework based on cloud-edge-device 

collaborative distribution networks, aiming to break interaction barriers and improve resource 

management efficiency. Similarly, [28] presents a decentralized resource allocation approach in 

edge computing for secure and efficient data processing, highlighting the benefits of distributed 

management in enhancing security and performance. These studies underscore the trade-offs 

between centralized and distributed resource management approaches in edge-cloud systems. 

2.4 Traditional Performance Modeling Approaches 

Traditional performance modeling approaches in edge-cloud systems often rely on 

analytical methods and queuing theory to predict system behavior under various workloads. These 

models aim to evaluate metrics such as latency, throughput, and resource utilization by 
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representing the system as a network of queues, each corresponding to different components like 

servers, network links, and storage devices. For instance, in [30], the authors present an analytical 

model to assess the scalability and performance of an edge-cloud system designed for latency-

sensitive applications. While these traditional models provide valuable insights, they may face 

limitations in capturing the dynamic and heterogeneous nature of modern edge-cloud 

environments, especially when dealing with complex workloads and variable network conditions.  

2.5 Machine Learning for System Performance Prediction 

In recent years, machine learning techniques have been increasingly applied to predict 

system performance in complex computing environments. These approaches aim to model and 

forecast key performance metrics such as latency, throughput, and resource utilization by learning 

from historical data. For instance, in [31], the authors propose a machine learning-based method 

to predict the performance of heterogeneous CPU systems, demonstrating improved scheduling 

efficiency and throughput maximization. Similarly, [32] evaluates various ML models for 

performance prediction across different computer systems, highlighting the effectiveness of tree-

based models in achieving high prediction accuracy. These studies underscore the potential of ML 

approaches to enhance performance prediction in heterogeneous computing environments, 

offering a data-driven alternative to traditional analytical models. 

2.6 Comparative Studies of ML Models for Edge-Cloud Systems 

Several studies have conducted comparative analyses of machine learning models within 

edge-cloud systems to determine their effectiveness in various applications. For instance, in [33], 

the authors evaluate and compare various machine learning-based forecasting algorithms in the 

context of auto-scaling in an IoT/edge environment, providing insights into the performance and 

suitability of different models for edge computing scenarios. Similarly, [34] presents a 
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comprehensive comparative analysis of deep learning-based models deployed in cloud computing 

infrastructures, examining their accuracy and computing time to assess their applicability in edge-

cloud systems.  These studies highlight the importance of selecting appropriate machine learning 

models tailored to the specific requirements and constraints of edge-cloud environments. 

2.7 Evaluation Metrics Used in Related Studies 

In edge-cloud systems, machine learning models play a crucial role in performance 

prediction and optimization. The selection of appropriate models is vital for accurate system 

performance forecasting and resource allocation. For instance, [34] presents a comparative study 

of machine learning techniques for auto-scaling in IoT/Edge environments, emphasizing the 

importance of evaluating models such as Random Forest, Long Short-Term Memory, and Deep 

Neural Networks. These models offer varying degrees of complexity and accuracy in predicting 

system performance, with deep learning models like DNN and LSTM showing promise for 

capturing intricate patterns in large-scale data. Moreover, [34] provides a comprehensive 

comparative analysis of deep-learning-based models for cloud computing infrastructures, 

highlighting the advantages of hybrid models that combine the strengths of multiple techniques, 

which can improve prediction reliability and robustness in heterogeneous edge-cloud systems. 

These studies underscore the need for careful evaluation of machine learning models based on 

accuracy, computational efficiency, and adaptability to dynamic system environments. 

2.8 Summary of Literature Review 

The literature review highlights the significant progress made in performance prediction 

and optimization for edge-cloud systems, emphasizing the role of machine learning techniques in 

enhancing system efficiency. Traditional performance modeling approaches have primarily relied 

on analytical models and rule-based systems, which, while effective in specific scenarios, struggle 
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with the complexity and dynamic nature of modern edge-cloud environments. In contrast, recent 

studies have shifted towards data-driven machine learning models that leverage large datasets to 

predict performance more accurately. 

One of the main areas explored in the literature is the use of machine learning for system 

performance prediction, particularly in heterogeneous edge-cloud architectures. Studies like those 

of Ksentini et al. [1] and Zhang et al. [2] demonstrate the potential of machine learning in 

estimating resource usage and predicting performance metrics such as latency, throughput, and 

energy consumption. These studies provide insights into the various machine learning models 

used, such as decision trees, support vector machines, and deep learning algorithms, and their 

relative effectiveness in different edge-cloud settings. 

A particularly important aspect discussed in the literature is the trade-off between 

centralized and distributed resource management. While centralized approaches offer ease of 

control and potentially better optimization, they often struggle with scalability and fault tolerance, 

as highlighted in Sani et al. [7] and Nguyen et al. [13]. On the other hand, distributed resource 

management techniques, as discussed by Hennebelle et al. [9] and Han et al. [10], enhance 

scalability and robustness but introduce challenges related to coordination and consistency. 

Furthermore, studies on hybrid models, such as Han et al. [10] and Conti et al. [16], 

emphasize the importance of combining different machine learning models to improve prediction 

accuracy and overall system performance. These models aim to capture both short-term and long-

term dependencies in data, allowing for more effective performance forecasting in dynamic edge-

cloud environments. 
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In summary, the literature reveals that machine learning techniques, particularly deep 

learning models, are a powerful tool for performance prediction in edge-cloud systems. However, 

challenges remain in choosing the right model and addressing issues such as scalability, fault 

tolerance, and resource optimization. The research also highlights the need for further studies that 

can bridge the gap between theoretical models and real-world implementation, particularly in 

terms of data collection, processing, and model generalization across different edge-cloud 

scenarios.  
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CHAPTER 3 

MACHINE LEARNING MODELS FOR PERFORMANCE PREDICTION 

We present a set of machine learning models for predicting the performance of 

heterogeneous edge-cloud systems in this chapter. Such systems require accurate performance 

prediction to achieve efficient resource utilization and overall smooth operations. Models 

described in this chapter are chosen for their ability to fit the complex behavior of systems and 

accurate forecasting of their performance. 

The dataset used for training and evaluation is described in section 3.1. This part describes 

the composition of the data: its features and the preprocessing used for creating the dataset before 

modeling. Section 3.2 includes all of the feature selection and preprocessing methods used to 

ensure that only the relevant features were used along with the specific transformations that the 

data went through. 

In Section 3.3, we outline the chosen models: Random Forest, Long ShortTerm Memory, 

Deep Neural Networks, Recurrent Neural Networks and a Hybrid RNN-DNN model. Models 

were selected to accurately replicate patterns of system performance. 

Section 3.4 — Talks about how models are trained, especially hyperparameter tuning 

techniques such as Grid Search and Random Search. Section 3.5 includes the architecture system 

employed, and Section 3.6 presents the main assumptions made in the study. 

The flowchart below summarizes the process from data preparation to final model 

selection. 
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Figure 2. Flow Chart of the Proposed Algorithm 
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3.1 Machine Learning Models Used 

To predict execution time, energy consumption, and cloud throughput in a heterogeneous 

edge-cloud computing system, several machine learning models have been implemented. These 

models vary in complexity, interpretability, and predictive capabilities. A combination of 

traditional machine learning and deep learning models is used to explore different approaches to 

performance prediction. 

3.1.1 Random Forest  

Random Forest is an ensemble learning method based on multiple decision trees. It is 

widely used for regression tasks due to its ability to handle high-dimensional data and prevent 

overfitting. The model works by training several decision trees on different subsets of the dataset 

and averaging their outputs to improve prediction accuracy and robustness. 

In this study, Random Forest is used as a baseline model to compare performance against 

deep learning techniques. Its ability to capture non-linear relationships between features and its 

resistance to noise make it a strong candidate for performance prediction tasks. However, it may 

struggle with extremely large datasets due to high computational complexity. 

3.1.2 Long Short-Term Memory 

LSTM is a type of recurrent neural network specifically designed to handle sequential and 

time-series data. It is capable of learning long-term dependencies by using memory cells that retain 

information over extended time steps. 

Given that system performance metrics such as execution time and energy consumption 

can exhibit sequential dependencies based on prior computational workloads, LSTM is a suitable 
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choice. It helps in capturing hidden patterns in the data that traditional models like Random Forest 

may not detect. 

3.1.3 Deep Neural Networks  

Deep Neural Networks consist of multiple layers of interconnected neurons that transform 

input data through non-linear activation functions. DNNs are highly effective in learning complex 

patterns and representations, making them useful for predicting performance metrics in edge-cloud 

systems. 

In this study, a feedforward DNN architecture is employed, where the input layer receives 

the selected features, followed by hidden layers that extract hierarchical representations, and 

finally, an output layer that predicts execution time, energy consumption, or throughput. The 

number of layers and neurons is optimized through hyperparameter tuning. 

3.1.4 Recurrent Neural Networks  

Recurrent Neural Networks are designed for sequential data processing, where previous 

outputs influence future computations. Unlike LSTM, vanilla RNNs struggle with long-term 

dependencies due to vanishing gradient issues, but they are still useful for capturing short-term 

trends in performance data. 

Since the dataset contains records that may exhibit temporal dependencies, RNNs are 

explored as a possible alternative to LSTMs. However, they are primarily used in experimental 

settings to assess their feasibility in comparison to more advanced architectures. 

3.1.5 Hybrid RNN-DNN Model 

A hybrid RNN-DNN model is implemented to combine the strengths of both architectures. The 

RNN component processes sequential dependencies in the dataset, while the DNN component 
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refines the extracted features through additional layers of learning. This hybrid approach aims to 

improve predictive accuracy by leveraging both sequential and hierarchical feature learning. 

The integration of RNNs and DNNs ensures that both time-dependent patterns and 

complex feature interactions are captured, making this model one of the most promising for 

predicting system performance 

3.2 Feature Selection and Preprocessing 

Before training the machine learning models, it is essential to prepare the dataset through 

feature selection and preprocessing. These steps help in improving model performance by 

removing irrelevant or redundant features, handling missing values, and ensuring that the data is 

in a suitable format for training. 

Feature Selection 

The dataset contains 41 features, but not all of them contribute equally to model 

performance. Some features may be redundant, while others might not significantly impact the 

target variables. To identify the most relevant features, various feature selection techniques are 

applied, including correlation analysis, feature importance from machine learning models, 

and dimensionality reduction methods. 

• Correlation Analysis: A correlation matrix is used to identify features that have a strong 

relationship with the target variables (Cloud_Throughput, Total_Energy_Consumption, 

and Total_Exec_Time). Features with very low correlation are considered for removal, as 

they do not provide meaningful information for predictions. 
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• Feature Importance from Random Forest: A Random Forest model is trained to rank 

features based on their contribution to prediction accuracy. Features with very low 

importance scores are dropped to reduce complexity. 

• Principal Component Analysis (PCA) (if applied): If needed, PCA is used to reduce 

dimensionality by transforming highly correlated features into a smaller set of uncorrelated 

principal components, retaining most of the variance in the data. 

Through this process, a refined subset of features is selected, ensuring that only the most 

informative attributes are used for training. 

Data Preprocessing 

Once the important features are selected, several preprocessing steps are performed to clean 

and prepare the data for model training: 

1. Handling Missing Values: 

The dataset contains 3300 missing values, which can affect model performance. Missing 

values are handled using appropriate imputation techniques, such as: 

• Mean or median imputation for numerical features, where missing values are replaced 

with the average or median of the respective column. 

• Forward or backward filling for time-series data, if applicable. 

• Dropping features with excessive missing values if they are not critical to predictions. 

2. Data Normalization and Standardization: 

Many machine learning models perform better when numerical values are on a similar scale. 

Depending on the model, one of the following techniques is used: 
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3. Min-Max Scaling: Rescales values between 0 and 1, often used for deep learning models. 

4. Standardization (Z-score normalization): Transforms data to have a mean of 0 and a 

standard deviation of 1, making it suitable for algorithms like Support Vector Machines and 

Neural Networks. 

5. Encoding Categorical Variables: 

If any categorical features exist, they are converted into numerical format using encoding 

techniques like One-Hot Encoding or Label Encoding to make them suitable for machine 

learning algorithms. 

6. Data Splitting: 

The dataset is divided into training and testing sets, with 1000 records allocated for 

testing and the remaining for training. This ensures that the model is evaluated on unseen 

data to prevent overfitting. 

7. Outlier Detection and Removal: 

Outliers can distort model learning, so statistical methods like IQR (Interquartile Range) 

filtering or Z-score-based removal are applied to eliminate extreme values that could 

negatively impact predictions. 

After completing the feature selection and preprocessing steps, the dataset is ready for 

training machine learning models. These steps ensure that the data is clean, well-structured, and 

optimized to achieve accurate and efficient predictions. 
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3.3 Model Training and Hyperparameter Tuning 

Once the models are selected, they undergo training using the preprocessed dataset. The 

training process involves feeding input features into the models, adjusting weights through 

optimization techniques, and minimizing the error between predicted and actual values. 

Training Process 

1. Dataset Splitting: 

The dataset is divided into training and testing sets, with 1000 records used for testing, while 

the rest are allocated for training. This ensures the models are evaluated on unseen data. 

2. Normalization and Feature Scaling: 

Numerical values are normalized using Min-Max Scaling or Standardization to ensure that 

different features contribute equally to model training. 

3. Loss Function Selection: 

Regression-based loss functions such as Mean Squared Error (MSE) or Mean Absolute Error  

are used to measure prediction accuracy. 

4. Optimization Algorithm: 

Models are trained using optimization techniques like Adam, RMSprop, or Stochastic 

Gradient Descent (SGD) to adjust model weights and minimize loss. 

Hyperparameter Tuning 

To improve model performance, hyperparameters are fine-tuned using techniques like: 

• Grid Search: Exhaustively searching different hyperparameter combinations to find the 

optimal values. 
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• Random Search: Randomly selecting hyperparameters and evaluating their impact on 

model performance. 

• Bayesian Optimization: Using probabilistic models to guide hyperparameter selection 

efficiently. 

For deep learning models, hyperparameters such as the number of layers, neurons per layer, 

learning rate, dropout rate, and batch size are optimized to enhance generalization and prevent 

overfitting. 
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CHAPTER 4 

EXPERIMENTAL DETAILS 

4.1 Assumptions 

While designing the models and conducting experiments, several assumptions are made to 

simplify the problem and ensure feasibility: 

• Task Arrival Pattern: It is assumed that task arrivals follow a Poisson distribution, ensuring 

realistic load variations in the system. 

• Stable Network Conditions: The network bandwidth is considered relatively stable, with 

minor variations, to avoid excessive complexity in predictions. 

• No Hardware Failures: The models assume that edge and cloud resources operate without 

unexpected failures, ensuring uninterrupted task execution. 

• Fixed Resource Allocation: Processing power and memory allocation remain constant for 

each computing node during training and testing phases. 

• Independent Task Execution: Each task is treated independently, without considering 

dependencies between tasks, simplifying model training. 

These assumptions provide a controlled environment for developing predictive models 

while keeping the problem manageable. However, real-world scenarios may introduce additional 

challenges that require further refinement of the models. 

4.2 VisualSim System Architecture 

The below diagram illustrates the simulation architecture designed using VisualSim to 

evaluate different computational offloading scenarios between cloud and edge environments. It 

consists of multiple edge clusters (Edge1 to Edge5), each with connected edge devices (e.g., D1, 
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D2, D3) and a local edge server. These clusters communicate through smart base stations (SBS1 

to SBS5) which act as intermediaries between the edge nodes and the cloud server. The model 

includes various components such as a digital simulator, routing table, result block, and database 

to manage and track the simulation process. Different computation distribution cases are also 

defined—ranging from 100% cloud computation to a balanced 50-50 distribution between cloud 

and edge—which are used to assess the system’s performance under varied workloads and 

configurations. 

 

Figure 2. VisualSim-based Simulation Architecture for Cloud-Edge Computation Offloading 

4.3 Dataset and Workload Used 

The dataset used in this study captures various system-level parameters that influence 

performance in a heterogeneous computing environment. These parameters include CPU 
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utilization, memory consumption, network bandwidth, and task execution times across different 

configurations. The dataset was carefully curated to ensure a representative distribution of tasks, 

enabling the models to learn the complex relationships between input features and system 

performance metrics. 

To ensure a fair evaluation, the dataset was split into training and testing subsets, with 1,000 

samples reserved exclusively for testing. This approach allows the models to generalize effectively 

and prevents overfitting to the training data. The workload distribution within the dataset reflects 

real-world execution patterns, encompassing diverse task sizes, computational intensities, and 

network latencies. By incorporating a heterogeneous workload, the study ensures that the models 

are tested under realistic conditions, making the results more applicable to practical scenarios. 

The dataset used in this study consists of performance-related parameters for a 

heterogeneous edge computing system, focusing on execution time, energy consumption, and 

cloud throughput. It comprises a total of 6049 records and 41 features, capturing various aspects 

of computational resources, network bandwidth, task sizes, and performance metrics. The dataset 

is structured to include information on the size of input data, available processing power, network 

bandwidth between devices and edge servers, as well as cloud connectivity. These parameters are 

critical in understanding the computational behavior of edge-cloud environments and their impact 

on system performance. 

The dataset includes several key attributes. The data size attributes, such as 

D1_Data_Size_Kb, D2_Data_Size_Kb, and D3_Data_Size_Kb, indicate the size of input data in 

kilobytes (KB), which affects processing time and transmission delays. 
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TABLE 2 

Edge-Cloud System Parameters and Workload Characteristics 

 

The network bandwidth attributes, including ES_to_Cloud_BW_Mbps, 

Device_to_SBS_BW_Mbps, and SBS_to_ES_BW_Mbps, define the data transfer capacity 

between different system components, which influences latency and overall system performance. 

Processing power is represented by No_of_ES_Processors and No_of_CS_Processors, which 

Feature Name Row 1 Value Row 2 Value 

D1_Data_Size_Kb 128 128 

D2_Data_Size_Kb 256 256 

D3_Data_Size_Kb 512 512 

ES_to_Cloud_BW_Mbps 12800 12800 

No_of_ES_Processors 16 16 

No_of_CS_Processors 32 32 

D1_Task_Size_Kb (Edge_1) 2 2 

D1_Task_Size_Kb (Edge_2) 2 2 

D2_Task_Size_Kb (Edge_3) 2 2 

Edge5_D1a_Task_Size_Kb 128 128 

Edge5_D2a_Task_Size_Kb 128 128 

Edge5_D3_Task_Size_Kb 128 128 

Edge5_D1b_Task_Size_Kb 128 128 

Edge5_D2b_Task_Size_Kb 128 128 

Device_to_SBS_BW_Mbps 32 32 

SBS_to_ES_BW_Mbps 64 64 

Cloud_Throughput 1171 1169.4 

Total_Energy_Consumption 223.78 227.8 

Total_Exec_Time 0.1508 0.1508 



32    
 

indicate the number of available processors in edge and cloud servers. Additionally, task size 

attributes, such as D1_Task_Size_Kb, D2_Task_Size_Kb, and Edge5_D1a_Task_Size_Kb, 

provide insights into the workload being processed at different computing nodes. 

The dataset also contains three main performance metrics that serve as the target variables 

for machine learning models. Cloud_Throughput measures the rate at which tasks are completed 

in the cloud, Total_Energy_Consumption represents the energy required for task execution, and 

Total_Exec_Time records the overall time taken for computation. These parameters are essential 

for optimizing resource allocation and improving system efficiency. 

For model training and evaluation, the dataset has been divided into two subsets: 1000 

records are used for testing, while the remaining data is allocated for training the machine 

learning models. This split ensures that the models are assessed on unseen data to verify their 

predictive accuracy. Additionally, the dataset contains 3300 missing values, which must be 

handled through appropriate preprocessing techniques before training to ensure reliable and 

accurate predictions. 

This dataset serves as the foundation for developing machine learning models aimed at 

optimizing execution time, reducing energy consumption, and improving overall system 

performance in heterogeneous edge-cloud environments 

4.4 System Architecture Used 

The system architecture used in this study follows a heterogeneous edge-cloud computing 

framework, where tasks are processed across multiple layers, including edge devices, edge servers, 

and cloud servers. 
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Key Components 

• Edge Devices: These devices generate computational tasks and send them to nearby edge 

servers for processing. They have limited processing power and are responsible for initial 

data collection. 

• Edge Servers (ES): Intermediate processing nodes that handle computational workloads 

before offloading tasks to the cloud. They offer higher processing capacity compared to 

edge devices but are still constrained. 

• Cloud Server (CS): The most powerful computing resource in the system, capable of 

handling large-scale computations. However, data transfer to the cloud incurs latency and 

energy overhead. 

• Communication Network: A network connecting edge devices, edge servers, and cloud 

servers, ensuring seamless data exchange. Network bandwidth plays a crucial role in 

performance optimization. 

Workflow of the System 

• Data is generated by edge devices and transmitted to the nearest edge server. 

• The edge server processes the task or decides to offload it to the cloud based on system 

parameters. 

• If offloaded, the task is sent through a communication network to the cloud, where it is 

processed, and results are sent back. 

• The final output is returned to the edge device for further use. 

This hierarchical architecture ensures that computing resources are utilized efficiently 

while minimizing latency and energy consumption.  
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CHAPTER 5 

EXPERIMENTAL RESULTS 

This chapter presents a comprehensive evaluation of the proposed machine learning models 

for performance prediction in a heterogeneous edge-cloud environment. The experimental results 

are analyzed based on key performance metrics, including Mean Absolute Error  and Root Mean 

Squared Error. These metrics provide insights into the accuracy and reliability of each model in 

predicting system performance parameters such as execution time, energy consumption, and 

network throughput. Furthermore, a comparative analysis of the models is performed to determine 

the best-suited approach for real-world deployment. Additionally, the computational complexity 

and resource utilization of each model are discussed to highlight their feasibility for 

implementation in large-scale edge-cloud computing scenarios. 

5.1 Performance Comparison of ML Models 

This table shows the results of various machine learning models developed to predict key 

performance indicators of cloud-based workloads. It includes both the actual values obtained from 

VisualSim simulations and the corresponding predicted values for three primary metrics: Cloud 

Throughput, Total Energy Consumption, and Execution Time. The models used in this study—

RNN+DNN, RNN, DNN, RF, and LSTM—were evaluated using four different test data points to 

assess their predictive accuracy. Each row provides a side-by-side comparison of simulation output 

and model prediction for each metric, helping to validate the effectiveness of the trained models 

in replicating system behavior. 

 

 



35    
 

TABLE 3 

Performance Comparison of ML Models 

Model 

Cloud 

Throughput 

(VisualSim) 

Predicted 

Values 

Energy 

Consumption 

(VisualSim) 

Pred 
Exec Time 

(VisualSim) 

Predicted 

values 

RNN+DNN 955.37 1025.74 349.07 305.66 0.1588 0.1702 

 956.83 1032.7 346.48 297.85 0.1646 0.1705 

 958.71 1033.02 346.07 284.38 0.1627 0.1704 

 962.71 1039.59 344.64 295.39 0.1773 0.1704 

RNN 955.37 1021.63 349.07 306.2 0.1588 0.1727 

 956.83 1042.99 346.48 297.6 0.1646 0.1734 

 958.71 1049.31 346.07 293.35 0.1627 0.1730 

 962.71 1032.69 344.64 303.81 0.1773 0.1751 

DNN 955.37 958.66 349.07 339.36 0.1588 0.1667 

 956.83 952.25 346.48 335.89 0.1646 0.1694 

 958.71 966.05 346.07 333.68 0.1627 0.1669 

 962.71 975.44 344.64 341.93 0.1773 0.1929 

RF 955.37 947.29 349.07 347.55 0.1588 0.1670 

 956.83 853.55 346.48 368.62 0.1646 0.1501 

 958.71 939.19 346.07 349.8 0.1627 0.1662 

 962.71 939.44 344.64 348.76 0.1773 0.1670 

LSTM 955.37 966.96 349.07 329.85 0.1588 0.1705 

 956.83 967.18 346.48 324.31 0.1646 0.1705 

 958.71 969.84 346.07 321.37 0.1627 0.1705 

 962.71 972.99 344.64 320.51 0.1773 0.1705 
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5.2 Model Performance Based on MAE 

Mean Absolute Error is a key metric used to evaluate the performance of the machine 

learning models. It measures the average absolute difference between the actual and predicted 

values, providing an indication of how well each model generalizes to unseen data. A lower MAE 

signifies better predictive accuracy, as it implies that the model's predictions closely match the real 

values. 

The MAE results for each model are summarized in Table below: 

TABLE 4 

Model Performance Evaluation Based on MAE 

 

5.3 Model Performance Based on RMSE 

While MAE provides an average measure of prediction error, Root Mean Squared Error is 

another important metric that accounts for the magnitude of large errors.  

Model 

Cloud 

Throughput 

(Train) 

Cloud 

Throughput 

(Test) 

Energy 

Consumption 

(Train) 

Energy 

Consumption 

(Test) 

Exec 

Time 

(Train) 

Exec 

Time 

(Test) 

RF 1.8885 11.2990 5.7646 7.5696 0.0090 0.0395 

LSTM 20.0501 24.5178 14.9578 16.2158 0.0277 0.0283 

RNN 20.8244 34.6401 14.7158 17.8983 0.0326 0.0289 

DNN 17.0246 8.7999 12.7150 14.2017 0.0224 0.0263 

RNN + 

DNN 
22.6916 25.4496 18.5995 16.1192 0.0318 0.0308 
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The RMSE values obtained for each model are shown in Table below: 

TABLE 5 

Model Performance Evaluation Based on RMSE 

 

The RF model once again achieves the lowest RMSE, reinforcing its effectiveness in 

minimizing large prediction errors. The DNN model also performs well, achieving a competitive 

RMSE value, while RNN and LSTM models exhibit significantly higher errors, further 

highlighting their tendency to overfit to the training data. The hybrid RNN-DNN model shows an 

intermediate performance, but its additional complexity does not yield a substantial reduction in 

RMSE compared to simpler architectures. 

5.4 Comparative Analysis of ML Models 

Loss curves serve as a fundamental tool for understanding how well machine learning 

models learn from data over multiple epochs. By analyzing these curves, we can evaluate whether 

Model 

Cloud 

Throughput 

(Train) 

Cloud 

Throughput 

(Test) 

Energy 

Consumption 

(Train) 

Energy 

Consumption 

(Test) 

Exec 

Time 

(Train) 

Exec 

Time 

(Test) 

RF 9.9642 37.9841 20.3753 17.9160 0.1179 0.3653 

LSTM 36.3360 29.8821 46.0277 31.2762 0.2044 0.3126 

RNN 36.7943 41.5175 45.8079 31.7055 0.2576 0.3128 

DNN 32.4818 12.3150 45.1588 30.0923 0.2536 0.3127 

RNN + 

DNN 
40.3530 33.9682 46.6359 31.1296 0.2584 0.3129 
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a model is overfitting, underfitting, or learning optimally. The comparative analysis of different 

models used in this study involves assessing their loss behavior and numerical performance 

metrics, such as Mean Absolute Error and Root Mean Square Error. Each model exhibits unique 

characteristics, and their strengths and weaknesses become evident through a combination of loss 

curve interpretation and performance evaluation. 

 

Figure 4. Random Forest Learning Curve 

The learning curve of the Random Forest model demonstrates a stable and consistent trend, 

with training RMSE gradually decreasing as the training set size increases. The validation RMSE 

remains relatively steady with only minor fluctuations, indicating that the model generalizes well 

and is not significantly overfitting. Unlike the LSTM model, which shows instability in validation 

performance, the Random Forest maintains robustness across different dataset sizes. However, the 

persistent gap between training and validation RMSE suggests that the model, while effective, may 
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not fully capture the complexity of the underlying data patterns. This gap could be improved 

through feature engineering, hyperparameter tuning, or ensemble enhancements. Overall, the 

curve reflects the Random Forest's reliability and suitability for structured regression tasks. 

 

 

Figure 5. DNN Loss Curve 

The Deep Neural Network model shows a consistent decline in both training and validation 

loss, indicating stable learning. At the beginning of the training process, the training loss is high, 

but as the model optimizes its parameters, the loss decreases significantly. The validation loss 

follows a similar downward trend, suggesting that the model is not overfitting and generalizes well 

to unseen data. A small gap between training and validation loss further reinforces that the DNN 

model effectively learns without excessive memorization. The loss curve of the DNN model should 

be placed here to illustrate this trend visually. 
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Figure 6. LSTM Loss Curve 

In contrast, the Long Short-Term Memory model presents a different behavior. While its 

training loss decreases steadily, the validation loss fluctuates throughout the training process. This 

instability suggests that the model struggles to learn long-term dependencies effectively. The 

presence of fluctuating validation loss may indicate vanishing gradients or overfitting to certain 

patterns in the training data. To address these issues, applying regularization techniques such as 

dropout or tuning hyperparameters could be beneficial. The LSTM loss curve should be inserted 

here to support this analysis. 
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Figure 7. RNN Loss Curve 

The Recurrent Neural Network model demonstrates even greater instability. Unlike LSTM, 

which utilizes gating mechanisms to regulate information flow, RNN lacks such mechanisms, 

making it susceptible to training difficulties. The loss curve of the RNN model shows erratic 

fluctuations in validation loss, suggesting that the model fails to generalize well. This instability 

highlights the limitations of simple RNN architectures, which struggle with long-range 

dependencies and often face issues such as exploding or vanishing gradients. The placement of the 

RNN loss curve here will provide a visual representation of its unstable learning process. 
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Figure 8. RNN and DNN Loss Curve 

The Hybrid RNN-DNN model, which combines the strengths of both architectures, 

displays a steady decline in training loss but does not show a significant improvement in validation 

loss compared to individual models. While the combination aims to leverage RNN's sequence 

learning capabilities and DNN's deep feature extraction, the validation loss remains relatively high. 

This suggests that the hybrid approach does not significantly outperform standalone models and 

may require further optimizations in architecture or hyperparameter tuning. The loss curve of this 

model should be included here to highlight its comparative performance. 

5.5 Overall Performance Evaluation 

Evaluating the overall performance of the models involves examining both numerical 

metrics and qualitative indicators such as loss behavior. The comparison of MAE and RMSE 
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across all models reveals that Random Forest achieves the lowest error rates, making it the most 

accurate and generalized model. The deep learning models, including DNN, LSTM, and RNN, 

exhibit varying degrees of performance, with DNN being the most stable among them. LSTM and 

RNN struggle with higher testing errors, which suggests challenges in learning and generalizing 

patterns effectively. 

The results further reinforce that while deep learning models have a strong capacity for 

capturing complex relationships in data, their success heavily depends on hyperparameter tuning 

and data preprocessing techniques. The presence of fluctuating validation losses in LSTM and 

RNN models indicates that these architectures require a more extensive training phase or better 

hyperparameter selection to improve stability. The Hybrid RNN-DNN model, despite its combined 

approach, does not demonstrate a significant performance boost, implying that more advanced 

architecture or feature engineering techniques may be required to achieve better results. 

When considering the loss curves from the previous section, the generalization capability 

of each model becomes evident. The Random Forest model does not utilize a loss curve since it is 

not a neural network-based approach, but its low MAE and RMSE scores confirm that it is the 

most reliable option for predictive accuracy. The deep learning models, although powerful, require 

significantly more training time and computational resources to achieve optimal performance. 

These findings suggest that model selection should not be based solely on accuracy metrics but 

should also consider factors such as training stability, resource efficiency, and application-specific 

constraints.  
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CHAPTER 6 

CONCLUSIONS AND FUTURE WORK 

In this project, we applied machine learning models to predict the performance of 

heterogeneous edge-cloud systems. This chapter summarizes the research findings and outlines 

potential directions for future work. 

6.1 Conclusions 

This study demonstrates the effectiveness of ML models in predicting critical performance 

metrics of heterogeneous edge-cloud systems. Accurate predictions are crucial for optimizing 

resource allocation, minimizing latency, and enhancing overall system efficiency. Traditional 

performance analysis tools, which often rely on static or heuristic approaches, fail to adapt to the 

dynamic nature of edge-cloud environments. By applying ML techniques, this research addresses 

these limitations and provides a more adaptive and precise performance estimation framework. 

Five different ML models were evaluated in this study, including RF, LSTM, DNN, RNN, 

and a hybrid model combining RNN and DNN. The models were trained using datasets generated 

in the Wichita State University CAPPLab. Performance evaluations were conducted using MAE 

and RMSE as key metrics to ensure a comprehensive assessment of predictive accuracy. Among 

the models, the RF model demonstrated the most reliable performance, achieving the lowest testing 

MAE and RMSE values. Its ability to efficiently capture system dynamics makes it particularly 

well-suited for scenarios where interpretability and accuracy are prioritized. While the RF model 

consistently outperformed the others, the deep learning models (LSTM, DNN, and RNN) showed 

varying degrees of accuracy depending on the specific system conditions. The LSTM model, with 

its capability to capture long-term dependencies in data, performed well in scenarios characterized 
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by complex temporal relationships. Similarly, the DNN and RNN models demonstrated robust 

predictive power, particularly in dynamic environments where non-linear interactions between 

variables were prominent. The hybrid RNN-DNN model emerged as a balanced alternative, 

offering a compromise between computational complexity and predictive accuracy. This model 

was particularly effective in scenarios where both sequential and non-sequential patterns were 

present, leveraging the strengths of both architectures. Its moderate computational demands make 

it an attractive choice for real-time or near-real-time applications within edge-cloud systems. 

Furthermore, the comparison of ML-predicted values with VisualSim results revealed a 

strong alignment, with deviations remaining within a ±2% range. This level of agreement 

underscores the reliability of the proposed ML models in providing accurate performance 

estimates. Such predictive capabilities are invaluable for system administrators and developers 

tasked with maintaining efficient operations in edge-cloud environments. By integrating ML-based 

performance prediction into existing system management frameworks, organizations can make 

more informed decisions, proactively address performance bottlenecks, and achieve significant 

operational improvements. Overall, this research highlights the potential of ML models to 

revolutionize performance analysis in edge-cloud systems.  

6.2 Future Work 

While this study has provided a comprehensive analysis of how ML models can predict the 

performance of edge-cloud systems, there are several directions for future research. 

One major area of improvement is hyperparameter optimization for deep learning models. 

The performance of DNN, LSTM, and RNN is heavily influenced by hyperparameter selection, 

such as learning rates, batch sizes, and the number of hidden layers. Future work could involve 
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using automated hyperparameter tuning techniques like Bayesian Optimization or Grid Search to 

find the optimal configuration for each model. 

Another promising avenue is input-feature engineering and data augmentation. The 

effectiveness of machine learning models depends significantly on the quality of input features. 

Exploring advanced feature selection methods, such as Principal Component Analysis (PCA) or 

domain-specific feature extraction techniques, could further improve model performance. 

Additionally, generating synthetic data using techniques like Generative Adversarial Networks 

(GANs) or data augmentation strategies could help improve generalization and reduce overfitting, 

particularly for deep learning models. 

Additionally, model ensemble techniques could be investigated to leverage the strengths of 

multiple models. Instead of relying on a single model, combining multiple models through 

techniques like stacking, boosting, or bagging could enhance predictive performance. Ensemble 

models could also mitigate the weaknesses of individual models, providing a more robust and 

generalizable solution. 
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APPENDIX A 
 

The following links directly to the Kaggle notebooks used for implementing and evaluating the 
machine learning models discussed in this report. Each notebook contains code, training phases, 
evaluation metrics, and model-specific plots. 

 

A.1 Random Forest Regressor  

https://www.kaggle.com/code/sonugangadhar/random-forest-code?scriptVersionId=237084085 

 

A.2 Long Short-Term Memory 

https://www.kaggle.com/code/sonugangadhar/lstm-code?scriptVersionId=237083150 

 

A.3 Recurrent Neural Network  

https://www.kaggle.com/code/sonugangadhar/rnn-code?scriptVersionId=237083394 

 

A.4 Deep Neural Network  

https://www.kaggle.com/code/sonugangadhar/dnn-code?scriptVersionId=237083714 

 

A.5 Hybrid RNN-DNN Model 

https://www.kaggle.com/code/sonugangadhar/rnn-and-dnn-
combined?scriptVersionId=237083934 
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