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Abstract__Deployment of 4G / LTE mobile network has solved the great challenge of high capacity to create 
real mobile broadband Internet. This was made possible mainly by a robust physical layer and a flexible 

network architecture. However, bandwidth-hungry services have been developed unprecedentedly, such as 

virtual reality, augmented reality, etc. In addition, mobile networks with other new services are in strong 

demand for higher reliability and near-zero latency performance. Such as vehicle communications or vehicle 

internet. 5G has overcome some of these challenges. In addition, the adoption of software defense networks and 

virtualization of network functions has added a greater degree of flexibility to operators, allowing operators to 

support high-demand services from different vertical markets. However, network operators have to consider a 
higher level of intelligence in their networks to have a deep and accurate understanding of the operating 

environment and the behaviors and needs of users. It is also essential to predict its evolution to actively and 

efficiently create an (self) scalable network. This chapter explains the role of artificial intelligence and machine 

learning in 5G and beyond to build a cost-effective and compatible next-generation mobile network. Some 

practical applications of AI / ML in the network lifecycle are discussed. 
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I. INTRODUCTION 

In 5G wireless communication systems, making the most of valuable bandwidth, power, and antenna 

resources has become a critical topic in recent studies.The official 3GPP standardization organization recently 
published the official standard and added key features to improve system performance and reduce 

latency[1].The goal of 5G is to extend bandwidth and make flexible use of system resources to achieve better 

performance; resources in time, spectrum, and spatial domain are combined and optimized together[2]. 

Traditional 5G studies mainly deal with mathematical limit testing and then provide heuristic methods 

to approximate the tested limit. However, there are hardly any effective operations to reach the limit considering 

only the coding, modulation, antenna selection, etc. 

To solve this problem, the researchers tried to introduce the famous technology of machine learning 

(ML), deep learning (DL), and artificial intelligence (AI)[3-5]. The growing discussions about deep learning in 

AI have provided opportunities to improve system performance in 5G-related jobs. Resource allocation benefits 

could be realized using the dedicated neural network based on the deep learning study process. So, there is still 

plenty of room to approximate the theoretical limit using resource allocation[4]. 
     

II. 5G   

Fifth-generation (5G) wireless technology is the latest version of cellular technology designed to 

increase the speed and responsiveness of wireless networks significantly. With 5G, data transmitted over 

wireless broadband connections can travel at speeds of several gigabits, with potential maximum speeds of up to 

20 gigabits per second (Gbps) by some estimates. These speeds exceed wired network speeds and offer latency 

of 1 millisecond (ms) or less, which is helpful for applications that require real-time feedback. 5G will allow a 

sharp increase in the amount of data transmitted over wireless systems due to more available bandwidth and 

advanced antenna technology. [6-8]   

5G networks and services will be rolled out in stages over the next few years to accommodate the 

increasing reliance on mobile and internet-enabled devices. Overall, 5G is expected to spawn various new 

applications, uses, and business cases as the technology is rolled out[9,10].  
 

III. Capable of 5G  

5G will do much more than significantly improve your network connection. It opens up new 

opportunities, offering innovative solutions that reach society. Imagine billions of connected devices collecting 
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and sharing information in real-time to reduce traffic accidents, or applications that save lives and that can take 

off thanks to guaranteed connections without delays, or production lines so predictive that they can prevent 

outages long before they occur. Fig. 1 shows the capability of 5G[11,12]. 

 

 
Fig. 1. capable of 5G 

 

IV.  Machine Learning 

Simply put, machine learning (ML) is a subset of artificial intelligence that creates algorithms and 

statistical models to perform a particular task without using explicit instructions based on patterns and 

inferences. ML algorithms use mathematical models based on sample data, training data to predict or make 

decisions without special planning [13-15]. Learned signal processing algorithms can enable the next generation 

of wireless systems by significantly reducing power consumption and improving density, power, and accuracy 

compared to today's fragile systems and manual design. Deep learning is a subset of machine learning in which 

the algorithms used to have different levels, each offering a different interpretation of the data [16]. The 

upcoming network of algorithms is known as artificial neural networks because it is very similar to the neural 

networks of the human brain.With the potential of using ML and AI to integrate into 5G networks, industries are 
now working towards innovation with 5G.     Some of the main innovations on this horizon are:   

 Sports: Advanced 5G display features such as 3D display and various elements provide the 

perspectives of a live game.  

 Wireless Virtual Reality (VR): With 5G, users can enjoy virtual reality content anywhere, anytime.    

 5G Augmented Reality: (AR) offers realistic AR services such as virtual zoos.  

 Live performances: 5G offers excellent high-quality performance from wireless devices.  

 Game streaming: games are processed in the cloud via 5G and streamed as long as allowed  

 Singing Online - Many people can sing online using 5G capabilities. 

 Self-driving cars: This technology requires computing power that can only be achieved through 5G 

networks and artificial intelligence, as 3D city maps are uploaded to vehicles in real-time, traffic is updated, and 

software updates are performed through it.  
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 5G uses industry-standard RAN waveforms, such as "5G New Radio Interface Air" developed by the 

International 3GPP Committee. To achieve 5G performance improvements, DeepSig'sOmniPHY supersedes AI 

3GPP 5G processing algorithms while maintaining compatibility. Available.   

 Deeping's advanced algorithms in 5G RAN help reduce power, lower component costs, increase 

device density and performance, and make 5G BTS more efficient. Deployment is cheaper and more 

independent in OpEx and CapEx terms. 

 Deeping invests heavily in using AI for 5G and other consumer wireless technologies and is rapidly 

developing, exploring, and manufacturing these capabilities with OmniPHY software. 

 Wireless Home - Some older 5G devices have whole-house wireless hotspots.  

 Low-cost scanners, such as farm-specific equipment, ATMs, medical equipment, and heavy-duty 
remote control machines - these do not require a permanent connection and willpower, so you can work on the 

same battery for 10 years without leaving to send data periodically. Technicians with specialized skills will 

work with machines from anywhere in the world.    

 Public infrastructure and security: Cities and other municipalities can be more active with the 

effective use of 5G networks. Utilities will be able to track sensors remotely. They can alert public works when 

garbage floods or street lights go out, and offices will be able to install surveillance cameras quickly and 

inexpensively.    

 Healthcare: Telemedicine, telemedicine, AR physical therapy, precision surgery, and even remote 

surgery are possibilities. Hospitals can set up sensor networks to monitor patients, doctors can prescribe smart 

pills to track compliance, and insurers can monitor subscribers to determine appropriate treatment options.   

 

V. Deep Learning 

Deep learning is a type of machine learning and artificial intelligence (AI) that mimics the way humans 

obtain certain types of knowledge. Deep learning is an essential element of data science, including statistics and 

predictive modeling. It is highly beneficial for data scientists tasked with collecting, analyzing, and interpreting 

large amounts of data; Deep learning makes this process faster and more accessible [17-19].    

Deep learning can be thought of as automating predictive analytics in its simplest form. While 

traditional machine learning algorithms are linear, deep learning algorithms stack up in a hierarchy of increasing 

complexity and abstraction. Imagine a young child whose first word is a dog to understand deep learning. The 

young child learns what a dog is and is not by pointing to objects and saying dog[20]. The parent says, "Yes, 

that is a dog" or "No, that is not a dog." As the child points to objects, he becomes more aware of all dogs' 

characteristics. What the young child does, unknowingly, is clarify a complex abstraction, the concept of dog, 

by building a hierarchy in which each level of abstraction is created with knowledge gained from the previous 
layer of the order.  Fig.2 shows the difference of deep learning and machine learning[21-23].  

 

 
Fig.2. difference of   deep learning and machine learning 

 

a) Machine learning / deep learning in 5G 

With the increasing advancements and advantages of ML in wireless communications, each research community 

has tried to assess the impact of ML in 5G on their discipline[24]. As a result, we have several posts for the 

effect of ML on the physical layer, security aspects, radio resource management.It makes it very difficult to give 
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a brief overview of the use and impact of AI / ML in 5G. Therefore, we can summarize the works applying ML 

to 5G according to two principles: a “general ML categorization”, where we consider all possible ML 

approaches from the literature, and a “Deep learning-based categorization,” which is focused only on deep 

learning. , because several leading publications consider deep learning as the most promising ML approach to 

the high complexity of 5G[25].  A general categorization of ML in the case of 5G follows the general structure 

of ML as seen in the first sections, which uses three kinds of ML: supervised learning, unsupervised learning, 

and reinforced learning. Table 1 shows an example of this classification with the learning approaches used in 

each class and a concrete example of application in 5G, [26]. Some 5G use cases will be described in the next 

section, and a solution for AI / ML integration in mobile network operators will be proposed[27].  

 
Table 1: Learning approaches and their 5G applications for the three ML classes. 

Learning classes Learning models Example of applications in 5G 

Supervised 

learning 

ML and statistical logistic regression 

techniques. 

Dynamic frequency and bandwidth allocation in self-organized LTE 

dense small cell deployments 

Support Vector Machines (SVM) Path loss prediction model for urban environments 

Neural-Network-based approximation Channel Learning to infer unobservable channel state information (CSI) 

from an observable channel 

Supervised ML Frameworks Adjustment of the TDD Uplink-Downlink configuration in XG-PON-

LTE Systems to maximize the network performance based on the 

ongoing traffic conditions in the hybrid optical-wireless network 

Artificial Neural Networks (ANN), and 

Multi-Layer Perceptrons (MLPs). 

Modeling and approximations of objective functions for link budget and 

propagation loss for next-generation wireless networks 

Unsupervised 

Learning 

K-means clustering, Gaussian Mixture 

Model (GMM), and Expectation-

Maximization (EM). 

Cooperative spectrum sensing and Relay node selection in vehicular 

networks. 

Hierarchical Clustering. Anomaly/Fault/Intrusion detection in mobile wireless networks 

Unsupervised Soft-Clustering ML 

Framework. 

Latency reduction by clustering fog nodes automatically decides which 

low power node (LPN) is upgraded to a high power (HPN) in 

heterogeneous cellular networks. 

Affinity Propagation Clustering. Data-Driven Resource Management for Ultra-Dense Small Cells 

Reinforcement 

Learning 

Reinforcement Learning algorithm 

based on long short-term memory (RL-

LSTM) cells. 

Proactive resource allocation in LTE-U Networks is formulated as a non-

cooperative game, enabling SBSs to learn which unlicensed channel, 

given the long-term WLAN activity in the channels and LTE-U traffic 

loads. 

Gradient follower (GF), the modified 

Roth-Erev (MRE), and the modified 

Bush and Mosteller (MBM). 

Enable Femto-Cells (FCs) to autonomously and opportunistically sense 

the radio environment and tune their parameters in HetNets, to reduce 

intra/inter-tier interference. 

Reinforcement Learning with Network-

assisted feedback. 

Heterogeneous Radio Access Technologies (RATs) selectio 

 

b) machine learning important for 5G wireless systems 

Existing 4G networks use Internet Protocol (IP) broadband connectivity to transmit, offering poor 

efficiency. ML and AI enable 5G networks to be predictive and proactive, essential for 5G networks to become 
functional. By integrating ML into 5G technology, smart base stations will make decisions for themselves, and 

mobile devices will create dynamically adaptive clusters based on learned data. This will improve network 

applications' efficiency, latency, and reliability [29,30].    

 

VI. ML / DL Potentials For 5G Communications 

As the 5G network becomes more and more complex and novel uses emerge, such as autonomous cars, 

industrial automation, virtual reality, electronic health, and others, ML will become essential to make the 5G 

vision a reality. As with any new technology, there are significant potentials to be achieved and limitations to 

overcome. Fig.3 shows the Potentials For 5G Communications[18].   

 Enhanced Mobile Broadband (eMBB) - Enables new applications with higher data rate demands in a 
uniform coverage area. Examples include ultra-high-definition video streaming and virtual reality.   

 Massive Machine Type Communications (mMTC) - A key feature of 5G communication services is 

the demand for scalable connectivity to expand the number of wireless devices with efficient transmission of 

small amounts of data in extended coverage areas. Applications such as body area networks, smart homes, IoT, 

and drone delivery will generate this type of traffic. The mMTC must be able to accommodate new and even 
unforeseen uses. 

 Ultra-Reliable Low Latency Communications (URLLC)- Connected healthcare, remote surgery, 

mission-critical applications, autonomous driving, vehicle-to-vehicle (V2V) communications, high-speed rail 

connectivity, and intelligent industrial applications prioritize reliability, low latency, and mobility over data 

rates. 
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Fig.3.ML/DL  Potentials For 5G Communications 

  
a) Limitation of ML / DL limitations for 5G communications  

 Data: High-quality data is essential for machine learning applications, and the type of data (tagged or 
unlabeled) is crucial in deciding what kind of learning to use. ML is only as good as the data it receives.   

 No Free Lunch Theorem: This theorem states that if all possible data-generated distributions are 

averaged, each ML algorithm will have the same performance in inferring unobserved data. This means that the 

goal of ML is not to search for the best learning algorithm but to understand what type of distribution is relevant 

to a specific 5G application and which ML algorithm performs the best on that particular data.   

 Hyperparameter selection: Hyperparameters are values set in ML algorithms before training 

begins. These values must be selected with care because they influence eventual parameters updated from the 

learning results.     

 Interpretability vs. Accuracy: From a stakeholder point of view, the complex interactions between 

independent variables can be challenging to understand and do not always make business sense. Therefore, a 

trade-off must be made between data interpretation and overall precision.   
 Privacy and security: ML algorithms can be subject to contradictory attacks, such as modifying an 

input sample to force a model to classify it in a different category from its genuine class.  

 

VII. Conclusion 

We have seen that ML has enough value to dream and experiment with the future in which ML can be 

an inherent element of wireless communication. However, to adopt ML in 5G / B5G, it must be borne in mind 

that ML cannot be applied everywhere, given the cost, time, latency, and latency introduced by some ML 

techniques with some applications in time. The total distance. ML and 5G as a discipline together have a lot of 

room for improvement. Until the large telecommunications industry fully trusts ML, the pace of development in 

this area will be considerable due to the need for precision and not breaking current systems. Attention will be 

limited. Since ML can add uncertainty and complexity to any network, our enthusiasm must be very carefully 

diminished.  

 

REFERENCES 
[1]. Chaeikar SS, Jolfaei A, Mohammad N, Ostovari P. Security Principles and Challenges in Electronic Voting. In2021 IEEE 25th 

International Enterprise Distributed Object Computing Workshop (EDOCW) 2021 Oct 25 (pp. 38-45). IEEE. 

[2]. Bargshady, G., Pourmahdi, K., Khodakarami, P., Khodadadi, T., &Alipanah, F. (2015). The effective factors on user acceptance in 

mobile business intelligence. JurnalTeknologi, 72(4). 

[3]. Karamizadeh, S., Abdullah, S. M., Halimi, M., Shayan, J., &javadRajabi, M. (2014, September). Advantage and drawback of 

support vector machine functionality. In 2014 International conference on computer, communications, and control technology 

(I4CT) (pp. 63- 65). IEEE 



Machine Learning for  5G 

www.ijres.org                                                                                                                                               39 | Page 

[4]. Moghaddam, F. F., Vala, M., Ahmadi, M., Khodadadi, T., &Madadipouya, K. (2015, August). A reliable data protection model 

based on re-encryption concepts in cloud environments. In 2015 IEEE 6th Control and System Graduate Research Colloquium 

(ICSGRC) (pp. 11-16). IEEE. 

[5]. ShojaeChaeikar S, Yazdanpanah S, ShojaChaeikar N. Secure SMS transmission based on social networks messages. International 

Journal of Internet Technology and Secured Transactions. 2021: 11(2):176-92. 

[6]. Alizadeh, Mojtaba, et al. "Security and privacy criteria to evaluate authentication mechanisms in proxy mobile 

ipv6." JurnalTeknologi 72.5 (2015). 

[7]. Karamizadeh, S., &Arabsorkhi, A. (2017). Enhancement of Illumination scheme for Adult Image Recognition. International Journal 

of Information & Communication Technology Research, 9(4), 50-56. 

[8]. Atefi, K., Hashim, H., & Khodadadi, T. (2020, February). A Hybrid Anomaly Classification with Deep Learning (DL) and Binary 

Algorithms (BA) as Optimizer in the Intrusion Detection System (IDS). In 2020 16th IEEE International Colloquium on Signal 

Processing & Its Applications (CSPA) (pp. 29-34). IEEE. 

[9]. ShojaeChaeikar S, Tadayon M H, Jolfaei A, Alizadeh M. An intelligent cryptographic key management model for secure 

communications in distributed industrial intelligent systems. International Journal of Intelligent Systems. 

[10]. Khodadadi, T., Alizadeh, M., Gholizadeh, S., Zamani, M., &Darvishi, M. (2015). Security analysis method of recognition-based 

graphical password. JurnalTeknologi, 72(5). 

[11]. Karamizadeh, S., &Arabsorkhi, A. (2018). Skin Classification for Adult Image Recognition Based on Combination of Gaussian and 

Weight-KNN. International Journal of Information & Communication Technology Research, 10(2), 56-62. 

[12]. Yazdanpanah S, ShojaeChaeikar S. Secure SMS Method Based on Social Networks. International Journal of Scientific Research in 

Science, Engineering and Technology. 2016: 2(6): 368-376. 

[13]. Khodadadi, T., Islam, A. M., Baharun, S., & Komaki, S. (2014). Privacy Issues and Protection in Secure Data 

Outsourcing. JurnalTeknologi, 69(6). 

[14]. Karamizadeh, S. (2020). New Method to Improve Illumination Variations in Adult Images Based on Fuzzy Deep Neural 

Network. Journal of Information and Communication Technology, 41(41), 1. 

[15]. ShojaeChaeikar S, Ahmadi A. SW: a blind LSBR image steganalysis technique. In the 10
th
International Conference on Computer 

Modeling and Simulation2018 Jan 8 (pp. 14-18). ACM. 

[16]. Kiani, F., Amiri, E., Zamani, M., Khodadadi, T., & Abdul Manaf, A. (2015). Efficient intelligent energy routing protocol in wireless 

sensor networks. International Journal of Distributed Sensor Networks, 11(3), 618072. 

[17]. Karamizadeh, S., Cheraghi, S. M., &MazdakZamani, M. (2015). Filtering based illumination normalization techniques for face 

recognition. Indonesian Journal of Electrical Engineering and Computer Science, 13(2), 314-320. 

[18]. Yazdanpanah S, ShojaeChaeikar S. IKM-based Security Usability Enhancement Model. IRACST-International Journal of Computer 

Science and Information Technology & Security (IJCSITS). 2012 Aug(4). 

[19]. Amiri, E., Keshavarz, H., Alizadeh, M., Zamani, M., & Khodadadi, T. (2014). Energy efficient routing in wireless sensor networks 

based on fuzzy ant colony optimization. International Journal of Distributed Sensor Networks, 10(7), 768936. 

[20]. Fard, M. A. K., Karamizadeh, S., &Aflaki, M. (2011). Enhancing congestion control to address link failure loss over mobile ad-hoc 

network. arXiv preprint arXiv:1110.2289. 

[21]. ShojaeChaeikar S, Manaf AA, Alarood AA, Zamani M. PFW: polygonal fuzzy weighted - an SVM kernel for the classification of 

overlapping data groups. Electronics. 2020: 9, 615. 

[22]. ShojaeChaeikar S, Moghaddam HS, Zeidanloo HR. Node Based Interpretative Key Management Framework. In Security and 

Management2010 (pp. 204-210). 

[23]. Shayan, J., Abdullah, S. M., &Karamizadeh, S. (2015, August). An overview of objectionable image detection. In 2015 

International Symposium on Technology Management and Emerging Technologies (ISTMET) (pp. 396-400). IEEE. 

[24]. ShojaeChaeikar S, Ahmadi A. Ensemble SW image steganalysis: a low dimension method for LSBR detection. Signal Processing: 

Image Communication. 2019:70: 233-245. 

[25]. Duan, W., Nasiri, R., &Karamizadeh, S. (2019, December). Smart City Concepts and Dimensions. In Proceedings of the 2019 7th 

International Conference on Information Technology: IoT and Smart City (pp. 488- 492). 

[26]. Khodadadi, T., Islam, A. M., Baharun, S., & Komaki, S. (2016). Evaluation of recognition-based graphical password schemes in 

terms of usability and security attributes. International Journal of Electrical and Computer Engineering, 6(6), 2939. 

[27]. ShojaeChaeikar S, Zamani M, Manaf AB, Zeki AM. PSW statistical LSB image steganalysis. Multimedia Tools and Applications. 

2018:77(1):805-835. 

[28]. Karamizadeh, S., Shayan, J., Alizadeh, M., &Kheirkhah, (2013). Information Security Awareness Behavior: A Conceptual Model 

for Cloud. International Journal Of Computers & Technology, 10(1), 1186- 1191. 

[29]. Alizadeh, M., Baharun, S., Zamani, M., Khodadadi, T., Darvishi, M., Gholizadeh, S., & Ahmadi, H. (2015). Anonymity and 

untraceability assessment of authentication protocols in proxy mobile IPv6. JurnalTeknologi, 72(5). 

[30]. Fard, M. A. K., Karamizadeh, S., &Aflaki, M. (2011, May). Packet loss differentiation of TCP over mobile ad hoc network using 

queue usage estimation. In 2011 IEEE 3rd International Conference on Communication Software and Networks (pp. 81-85). IEEE. 

 

 


