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Abstract—Machine learning (ML) has become an increasingly 

important tool for analysing and processing large  amounts 

of data in various domains. However, traditional cloud-based 

ML approaches suffer from latency and bandwidth issues, 

which makes them unsuitable for certain applications such as 

real-time analytics and Internet of Things (IOT) devices. Edge 

computing has emerged as a promising solution to this 

problem by enabling ML algorithms to be executed on edge 

devices, which are closer to the source of the data. This state-

of-the-art survey provides a comprehensive review of the 

latest research on machine learning for Edge Computing in 

cloud computing. It covers various aspects of the field, 

 including designing efficient ML algorithms for edge 

devices, the challenges and opportunities in deploying ML 

models in Edge Computing environments, and the integration 

of Edge Computing with  cloud-based infrastructures. The 

survey also discusses the key issues related to security and 

privacy in Edge Computing, including the protection of 

sensitive data and the prevention of cyber-attacks. 

 Additionally, it         examines the role of edge 

devices in enabling new types of applications, such as 

autonomous vehicles and smart cities, and explores the 

potential benefits and drawbacks of Edge Computing for ML. 

Overall, this survey provides a comprehensive overview of the 

latest research on machine learning for Edge Computing in 

Cloud Computing, highlighting the challenges and 

opportunities in this rapidly evolving field. The availability of 

large and numerous datasets is a crucial problem in the success 

of device-studying algorithms. However, collecting and 

labelling such datasets  can be time-consuming and 

expensive. Synthetic data generation techniques offer a 

promising solution  to this problem by creating realistic 

synthetic data that can be used to train and validate machine 

learning models. We also discuss the potential benefits and 

drawbacks of synthetic data and its applications in cloud 

computing, such as cyber security, healthcare, and financial 

fraud detection. Finally, we highlight the challenges and 

opportunities in synthetic data generation, such as scalability, 

quality control, and ethical considerations. 

 

Keywords—Machine Learning, Edge Computing, Synthetic 

Data Generation, Cloud Computing 

I. INTRODUCTION 

Edge computing is a distributed computing paradigm that 

moves processing and data storage away from a centralized 

cloud environment and closer to the end-user or edge devices. 

This method is highly suited for real-time applications and 

services that demand low latency, high bandwidth, and high 

availability since it enables quicker processing and lower 

network latency. Moreover, edge computing can assist to 

decrease network traffic and boost overall system 

performance by reducing the quantity of data that must be 

transported to a centralized cloud environment. State-of-the-

art surveys in edge computing have explored different aspects 

of the field, such as architectures, algorithms, and 

applications. Some of the key findings from recent surveys 

are Edge Computing Architectures, Algorithms, 

Applications, Standards, and Security. Overall, edge 

computing is an exciting and rapidly evolving field that has 

the potential to transform the way we think about computing 

and data processing. State-of-the-art surveys in edge 

computing can help to identify key trends, challenges, and 

opportunities, and guide the development of new 

technologies and applications. Machine learning (ML) is a 

powerful technology that has shown tremendous potential in 

various applications, such as image recognition, natural 

language processing, and speech recognition. However, the 

performance of ML models is highly dependent on the 

quality and quantity of training data, which is often limited or 

difficult to obtain in real-world scenarios. In recent years, two 

emerging technologies have gained traction in the field of 

ML, namely edge computing and synthetic data generation. 

Edge computing is a distributed computing model that 

enables real-time processing and analysis of data closer to the 

source, rather than in centralized data centers. With the 

proliferation of IoT devices (Internet of Things) and the 

increasing amount of data generated at the edge, there is a 

need for ML algorithms that can operate efficiently and 

effectively in such resource-constrained environments. 

Synthetic data generation, on the other hand, is the process of 

creating artificial data that resembles real-world data. This 

can be a useful technique for augmenting the amount of 

training data available for ML models when real data is 

scarce, expensive, or sensitive. Cloud computing provides a 

scalable and cost-effective platform for generating synthetic 

data using distributed computing resources. The integration 

of ML for edge computing and synthetic data generation in 
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cloud computing has the potential to unlock new use cases 

and applications for ML, and to improve the efficiency and 

scalability of existing applications. This survey paper aims to 

provide a comprehensive overview of the current state-of-the-

art research and technologies in these two areas, and to 

identify challenges and opportunities for future research and 

development.  The process involves generating artificial data 

that mimics real-world data, allowing for the development 

and testing of machine learning models without requiring 

access to large amounts of real data. 

II. MACHINE LEARNING FOR EDGE COMPUTING IN CLOUD 

COMPUTING 

A. Overview for Egde Computing 

Machine learning is the technique that combines edge 

computing with the power of machine learning 

algorithms with the low-latency processing capabilities 

of edge devices. In those devices that are closely located 

to the data source, such as sensors, smartphones, and IoT 

devices, machine learning algorithms are used for edge 

computing to perform processing, and analysis of data 

can be performed in real-time, without any need to 

transmit data to a central cloud server In Cloud 

computing, the edge computing devices are generally 

connected to the cloud server when the data is to be 

processed and analyzed. However, as IoT devices rise 

and real-time processing becomes more important, edge 

computing has become a competitive option to cloud 

computing. Machine learning-based edge computing in 

the cloud can provide a significant solution for data 

processing and analyzing the data in real time by 

combining these two technologies (fig:1) 

 
Fig. 1. Edge Computing 

B. Machine Learning and Distributed Computing the 

Evolving Fog and Edge Computing Paradigms 

In the current technological environment, machine 

learning and distributed computing are closely related 

since both require a significant amount of computer 

power and infrastructure to operate efficiently. Large 

dataset processing and machine learning model training 

have become easier, more scalable, and more affordable 

with the rise of cloud computing. Machine learning 

algorithms can be trained considerably more quickly on 

remote servers to cloud computing, which gives 

organisations the ability to launch new goods and 

services to market more swiftly. Additionally, the cloud 

offers an API deployment method for machine learning 

models, making it simple for developers to include these 

into their applications. However, as the Internet of 

Things generates more and more data, the requirement 

for even quicker processing and real-time machine 

learning algorithm execution leads to the developing 

paradigms of fog and edge computing. A paradigm 

known as fog computing is concentrated at the network's 

edge, which is closer to IoT devices. It is made to offer 

storage space, computer power, and low-latency 

capabilities. The fog layer can be used to deploy machine 

learning models, allowing the devices to analyze data and 

take action almost instantly. On the other side, edge 

computing entails bringing processing power and 

machine learning models even closer to the network's 

edge routers, gateways, and switches. This strategy 

overcomes a few of the drawbacks of cloud computing, 

including network latency, bandwidth restrictions, and 

data privacy issues. Overall, distributed computing and 

machine learning are critical in today's technological 

environment, and the cloud, fog, and edge computing 

paradigms offer increasingly effective and efficient ways 

to deliver machine learning services. 

C. Vistualization of network function 

Cloud computing depends on virtualization, which is a 

key technology. By using software to simulate hardware 

operations so that the diverse network functions in 

software may run on a homogenous and standard 

infrastructure, virtualization increases network resilience 

and flexibility. Several network locations can have the 

software added or uninstalled as needed. Virtualization 

makes it easier to establish networks, lowers the cost of 

maintaining them, and allows networks to operate more 

efficiently (fig: 2) 

D. Challenges for future study 

The development of Edge Computing implementations is 

timely given how central networks and cloud solutions 

are still being stressed by end-user and network demands. 

By shifting computation, storage, and communication 

tasks to the edge, Edge Computing increase’s reliability 

while meeting the demand for apps and service options 

that are offered closer to end users. However, the 

technology is still in its infancy and has several 

challenges to clear before its maximum potential can be 

realized. Selections are discussed in this part. 

 

 
 

Fig. 2. Edge Computing 
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E. Machine Learning in Edge Computing: Challenges and 

Opportunities. 

1) Edge Learning Architectures:  

 

Designing and developing edge learning architectures 

that can handle the processing and analysis of large 

amounts of data in real time is a crucial area of research. 

These architectures should be optimized for low latency, 

high throughput, and energy efficiency to support 

machine learning applications to edge environments. 

 

2) Machine Learning Models for Edge Computing:  

 

Developing machine learning models that can run 

efficiently on edge devices with limited computing 

resources is a key research area. These models should be 

lightweight, low-power, and capable of real-time 

processing to support applications such as predictive 

maintenance, anomaly detection, and image recognition. 

 

3) Edge Intelligence and Security:  

 

Ensuring the security and privacy of edge devices and 

data is a significant challenge in edge computing. 

Machine learning can be used to provide intelligence and 

security features such as intrusion detection, threat 

prediction, and access control. 

 

4) Resource Allocation and Management: 

 

Efficiently allocating and managing resources in edge 

environments is another key research area. Machine 

learning techniques can be used to optimize resource 

allocation based on workload and energy consumption, 

reducing latency and improving overall system 

performance. 

 

5) Edge-to-Cloud Integration: 

 

Integrating edge computing with cloud environments is a 

crucial area of research. Machine learning can be used to 

develop intelligent data routing and processing 

mechanisms that can dynamically switch between edge 

and cloud environments based on workload and latency 

requirements. 

F. Integrates the various Artificial Intelligence and Machine 

Learning techniques for effective predictions at Edge 

rather than cloud 

Real-time decision-making is made possible by this 

method, which also lessens reliance on network 

connectivity and bandwidth. Edge AI refers to the 

deployment of AI models and algorithms on modest 

computer hardware, such as sensors, gateways, and edge 

servers, enabling them to process data and make choices 

at the network's edge. The performance of IoT and edge 

devices is enhanced by the integration of AI and ML 

algorithms at the edge, which enables faster data 

processing. Edge AI assists in lowering security threats 

by processing and storing data locally rather than sending 

it to the cloud. Additionally, by minimising data 

transmission, it lowers the cost of delivering data to the 

cloud and back, making it a popular option for sectors 

including manufacturing, healthcare, and transportation. 

 

 

 

G. Future Research Directions For Edge Computing  

1) Edge-to-Edge Collaboration: 

 

While edge computing has been primarily used for data 

processing and storage, there is a growing need for edge 

devices to collaborate and share data. Future research 

could explore techniques for enabling secure and 

efficient collaboration among edge devices, such as 

federated learning and blockchain-based approaches. 

 

2) Resource Optimization:  

 

One of the key challenges in edge computing is 

optimizing resource utilization, particularly in resource-

constrained environments. Future research could explore 

techniques for optimizing resource allocation and 

management in edge computing environments, such as 

dynamic resource allocation and adaptive workload 

scheduling. 

 

3) Privacy and Security:  

 

As edge computing becomes more prevalent, there is a 

growing need to ensure the privacy and security of user 

data. Future research could explore new techniques for 

ensuring data privacy and security in edge computing 

environments, such as differential privacy, homomorphic 

encryption, and secure multi-party computation. 

 

4) Hybrid Cloud-Edge Architectures:  

 

While edge computing can offer many benefits in terms 

of latency and bandwidth, it is often not a complete 

replacement for cloud computing. Future research could 

explore new techniques for integrating edge computing 

with cloud computing, such as hybrid cloud-edge 

architectures, to provide a more robust and scalable 

computing infrastructure. 

 

5) Explainability and Interpretability:  

 

Machine learning models deployed on edge devices are 

often black boxes, making it difficult to understand how 

they make decisions. Future research could explore 

techniques for improving the explainability and 

interpretability of machine learning models in edge 

computing environments, such as model compression and 

pruning, and interpretability techniques like LIME (Local 

Interpretable Model-Agnostic Explanations) and SHAP 

(SHapley Additive exPlanations) 

 

6) Standardization and Interoperability:  

 

There is currently a lack of standardization and 

interoperability in edge computing, making it difficult to 

deploy and manage edge devices across different 

platforms and environments. Future research could 

explore new techniques for standardizing edge 

computing interfaces and protocols, as well as techniques 

for ensuring interoperability across different edge devices 

and platforms. 
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III. MACHINE LEARNING FOR SYNTHETIC DATA GENERATION IN 

CLOUD COMPUTING 

A. Overview for Synthetic Data Generation 

Synthetic data generation refers to the process of 

generating artificial data that mimics real-world data. 

This is achieved using various techniques, such as 

generative models, data augmentation, and data 

synthesis. Synthetic data is useful when real-world data is 

difficult or expensive to obtain, or when data privacy and 

security concerns limit access to sensitive data. In cloud 

computing, synthetic data generation can be particularly 

useful for applications such as cybersecurity, healthcare, 

and financial fraud detection. For example, synthetic data 

can be used to generate a large and diverse dataset for 

training machine learning models to detect cyber-attacks, 

without exposing real-world data to potential breaches. 

Generative models, such as Generative Adversarial 

Networks (GANs), are a popular technique for generating 

synthetic data. GANs consist of two neural networks - a 

generator and a discriminator – that are trained together 

to generate data that closely resembles real-world data. 

Another technique, data augmentation, involves applying 

various transformations to existing data, such as rotating 

or cropping images, to generate new data. On the other 

hand, data synthesis involves combining existing data in 

various ways to generate new data. While synthetic data 

has many benefits, such as improved model accuracy and 

reduced cost, it also has drawbacks. One major concern is 

the ethical implications of using synthetic data, 

particularly in applications such as healthcare, where 

decisions based on synthetic data could have significant 

consequences for patients. 

B. Machine Learning Applications for Synthetic Data 

Generation in Cloud Computing (fig.3) 

1) Medical Image Synthesis:  

 

Develop a cloud-based service that can generate synthetic 

medical images, such as MRI or CT scans, for training 

and testing machine learning models in healthcare 

applications. 

 

2) Object Detection and Recognition: 

 

Build a cloud-based service that can generate synthetic 

images containing objects of interest, such as traffic signs 

or pedestrian crossings, for training and testing object 

detection and recognition models. 

 

3) Autonomous Vehicle Simulation:  

 

Develop a cloud-based service that can generate synthetic 

driving scenarios and environments for testing and 

training autonomous vehicle models. 

 

4) Natural Language Processing:  

 

Build a cloud-based service that can generate synthetic 

text data, such as chat logs or customer feedback, for 

training and testing natural language processing models. 

 

5) Fraud Detection:  

 

Develop a cloud-based service that can generate synthetic 

financial data, such as transaction logs, for training and 

testing fraud detection models. 

 

 

6) Augmented Reality:  

 

Build a cloud-based service to generate synthetic 3D 

models and scenes for testing and training augmented 

reality applications. 

 

7) Sentiment Analysis: 

 

Develop a cloud-based service that can generate synthetic 

social media posts or reviews for training and testing 

sentiment analysis models. 

 

8) Cybersecurity:  

 

Build a cloud-based service that can generate synthetic 

network traffic data for training and testing cybersecurity 

models 

 

9) Recommendation Systems: 

 

Develop a cloud-based service that can generate synthetic 

user behavior data, such as clicks or purchases, for 

training and testing recommendation systems. 

 

10) Time Series Forecasting:  

 

Build a cloud-based service that can generate synthetic 

time series data, such as stock prices or weather patterns, 

for training and testing time series forecasting models. 

 

 
Fig. 3 Machine Learning Applications for Synthetic Data 

Generation in Cloud Computing. 

C. Synthetic Data Generation in Cloud Computing : Benefits 

and Challenges 

1) Improved model accuracy:  

 

One of the key benefits of using synthetic data is that it 

can help to improve the accuracy of machine learning 

models. This is particularly true when real-world data is 

scarce or difficult to obtain, such as in healthcare or 

cybersecurity applications. Synthetic data can be used to 

augment existing datasets, providing additional training 

examples that can help to improve the performance of 

machine learning models. 

 

2) Reduced cost:  

 

Another benefit of using synthetic data is that it can be 

much cheaper to generate than real-world data. 

Collecting and annotating large datasets can be time-

consuming and expensive, particularly when dealing with 

sensitive or rare data. Synthetic data can be generated 

quickly and cheaply, making it an attractive alternative to 

real-world data in some applications. 
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3) Ethical concerns:  

 

One of the key drawbacks of using synthetic data is the 

ethical concerns that it can raise. There are concerns 

about the quality and representativeness of synthetic data, 

particularly when it is used in sensitive or high-stakes 

applications, such as healthcare or criminal justice. 

Synthetic data can also be used to create biased or 

discriminatory models if it is not generated or validated 

properly. There are ongoing debates around the ethical 

implications of using synthetic data, particularly in 

applications that have a direct impact on people's lives. 

 

4) Scalability:  

 

Generating synthetic data at scale can be a significant 

challenge, particularly when dealing with large or 

complex datasets. As datasets continue to grow in size 

and complexity, there is a need for new techniques that 

can generate high-quality synthetic data efficiently and 

effectively. 

 

5) Quality Control:  

 

Ensuring the quality and representativeness of synthetic 

data is another major challenge. There is a need for 

robust quality control measures that can ensure the 

synthetic data accurately reflects the underlying 

population and can be used effectively in machine 

learning applications. 

 

6) Ethical Considerations:  

 

There are also ethical considerations around the use of 

synthetic data, particularly when it comes to sensitive or 

personal data. There is a need to develop ethical 

frameworks and guidelines for the generation and use of 

synthetic data, particularly in applications such as 

healthcare, finance, and cybersecurity. 

 

D. Future Directions in Synthetic Data Generation for Cloud 

Computing 

 

1) Developing New Techniques for Synthetic Data 

Generation:  

 

There is a need for new and innovative techniques for 

generating synthetic data, particularly those that can 

address scalability and quality control issues. This could 

involve exploring new generative models, data 

augmentation techniques, and data synthesis methods. 

 

2) Improving the Quality of Synthetic Data:  

 

Improving the quality and representativeness of synthetic 

data is another key area for future research. This could 

involve developing new quality control measures, 

improving the accuracy of generative models, and 

exploring new ways to evaluate the quality of synthetic 

data. 

 

3) Addressing Ethical Concerns:  

 

There is a need to address ethical concerns around the 

use of synthetic data, particularly in sensitive 

applications. This could involve developing ethical 

frameworks and guidelines for the use of synthetic data, 

exploring new ways to ensure privacy and security, and 

engaging with stakeholders to build trust in synthetic 

data. 

 

4) Bridging the Gap between Research and Industry:  

 

There is often a disconnect between the research 

community and industry when it comes to synthetic data 

generation. There is a need for greater collaboration and 

knowledge sharing between these groups to ensure that 

synthetic data can be effectively and ethically used in 

real-world applications. 

 

5) Addressing Bias and Fairness:  

 

There is a need to address issues around bias and fairness 

in synthetic data generation, particularly when it comes 

to applications such as healthcare and finance. This could 

involve exploring new ways to ensure that synthetic data 

accurately represent diverse populations, and developing 

techniques for detecting and mitigating bias in synthetic 

data. 

IV. CONCLUSION  

To overcome the difficulties of implementing machine 

learning models in contexts with limited resources, a 

rapidly growing field of study called machine learning 

for edge computing was established. The study has 

addressed many methods and procedures created to 

enhance machine learning models to edge devices. 

Overall, the survey has shown that there are many 

opportunities for future research in this area, particularly 

in developing new techniques and algorithms for 

optimizing machine learning models for edge computing. 

As more and more devices become connected to the 

internet and generate vast amounts of data, the 

importance of edge computing for machine learning is 

only set to grow in the years to come. Synthetic data 

generation is an important technique in cloud computing 

that can be used to generate artificial data that can be 

used to train machine learning models. This technique 

has many potential applications in various domains, 

including cybersecurity, healthcare, and financial fraud 

detection. Addressing these challenges will require 

ongoing research and development of new techniques for 

generating high-quality synthetic data, as well as ethical 

considerations and policies to ensure that synthetic data 

is used responsibly and in ways that protect individuals' 

privacy and rights. Overall, the survey has shown that 

synthetic data generation is a valuable technique in cloud 

computing, but its use must be carefully considered and 

balanced with ethical considerations to ensure that it is 

used in ways that benefit society while protecting 

individuals' privacy and rights. 
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