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 A well fifth generation (5G) mobile networks have been a common phrase in recent 

years. So, 2025 the number of devices based on 5G will reach about 100 billion, 

about 2.5 billion users are expected to consume more than a gigabyte (GB) of data 

per month. 5G will play important roles in new areas, from smart cities and 

mobile augmented reality, and 4,000 pixels (4K) video streaming. Bandwidth 

higher than the fourth generation (4G), more reliability and less latency are some 

of the features that distinguish this generation from previous generations. These 

features are impressive to a mobile network, but will pose serious challenges for 

operators and communications companies and will lead to complexity. Managing 

this network, preventing errors and minimizing latency are some of the challenges 

that 5G of mobile networks will bring. So, the use of artificial intelligence and 

machine learning is a good way to solve these challenges. In this paper, we will 

review the artificial intelligence techniques used in communications networks. 

Creating a robust and efficient communications network using artificial 

intelligence techniques is an incentive for future research. The importance of this 

issue is such that sixth generation (6G) of cellular communications. So, much 

emphasis on the use of artificial intelligence. 
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1. INTRODUCTION 

The main fifth generation mobile networks have been a common phrase in recent years. We have all 

heard this phrase. Obviously, there will be interesting capabilities and features in this generation that will 

make the use of mobile technology, and enjoyable. Fifth generation (5G) will play a significant role in a 

variety of new areas, from smart homes and cars to smart cities, virtual reality and mobile-based augmented 

reality and 4K video streaming. Bandwidth much higher than the fourth generation, more reliability and less 

latency are some of the features that distinguish this generation of mobile networks from previous 

generations. But aren't all these benefits challenges? Obviously, there must be challenges. In the future, the 

volume of network connections will increase significantly and it will be possible to connect numerous 

devices to the network; this is a very important issue for the (internet of things) IoT. By 2025, the number of 

devices based on the fifth generation of mobile networks will reach about 100 billion devices. By then, about 

2.5 billion users are expected to consume more than a gigabyte of streamed data per month. Also, by 2025, 

5G mobile edge computing (MEC) is expected to be a multi-million-dollar industry [1]. Mobile edge 

computing is a technology that will help satisfy the demanding requirements for throughput of network, 

https://creativecommons.org/licenses/by-sa/4.0/
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scalability, latency, and automation in 5G networks [2]. More information on mobile edge computing can be 

found in [3], [4].  

Increased speeds and reduced delay in 5G enable novel applications such as connected large-scale IoT, 

vehicles, video streaming, and industry robotics. Machine learning (ML) is leveraged within mobile edge 

computing to predict changes in demand based on cultural events, natural disasters, or daily commute patterns, and 

it prepares the network by automatically scaling up network resources as needed. Together, mobile edge 

computing and ML enable seamless automation of network management to reduce operational costs and enhance 

user experience [5]. Paper [6] provides a comprehensive review for wireless network intelligence at the edge. 

One of the main concepts of fifth generation networks is the ability to connect multiple devices to 

each other. These connections will also lead to a complex and heterogeneous network. Managing such a 

complex network now requires very complex computations. Many devices around the world will be 

connected to the 5G network. Each connection in the target network must respond to many requests with the 

least delay, and these requests will become more diverse in the future with the spread of fifth generation 

networks. In the world of 5G, the importance of achieving fully automated infrastructure is quite clear. 

Managing this network requires a powerful tool. The best tools for this crucial management are machine 

learning (ML) and artificial intelligence (AI) and deep learning (DL). Machine learning, which is itself a kind 

of AI, is a good option for automation. Deep learning has also had many applications in machine vision [7] 

and natural language processing [8] as a subset of machine learning. AI, ML and DL are envisaged to have 

fundamental roles in the 5G networks [9]. The use of artificial intelligence and machine learning in 

communications networks can create a great revolution.  

The purpose of this paper is to review and categorize the methods used by artificial intelligence in 

communications systems, especially 5G. This paper, with a simple and concise statement, seeks to create a 

general view of the applications of artificial intelligence in communication networks. Hence, this paper is 

more idea-oriented than previous works. Also, this study can help to understand the position of artificial 

intelligence to achieve more powerful communications systems. The rest of this paper is as follows. The 

second section provides an overview of fifth generation communications networks and its limitations. In the 

third section, the applications of artificial intelligence in fifth generation networks are reviewed. In the fourth 

section, future research is also examined. 

 

 

2. FIFTH GENERATION NETWORKS 

Mobile technology has undergone several generational changes, so that mobile communications 

from cumbersome and large, heavy and not very portable devices that only support a single service (voice) in 

the first generation, into an environment together. They have become increasingly sophisticated, built on 

integrated multi-tech networks that support millions of applications called fifth-generation networks. Figure 1 

shows the generational changes of communications networks. 
 

 

 
 

Figure 1. Evolution from 1G to 5G [1] 
 

 

The 5G of mobile cellular communications is currently the newest generation of cellular mobile 

communication systems. The goal of 5G mobile networks, which have become available to the public in 

recent years, is to support audio, video, and other high-demand communications services for billions of 

connected devices, such as smartphones, sensors, vehicles, and other internet devices. Objects IoT stands for 

internet of thing. This refers to the phrase that objects and equipment of the living environment are connected 

to the Internet and can be controlled and managed by applications on smartphones and tablets. The 5G 

network is expected to revolutionize mobile technology. Because it allows users to access the Internet more 

quickly, while opening a new window into new industrial applications and helping to launch "smart cities". 

The fifth generation of mobile networks (5G) will provide high bandwidth, low latency and the ability to 

connect more devices. The future of 5G is related to a completely heterogeneous network (Hetnet) at various 

levels, which include multiple radio access technology (RAT), multiple bands, multiple cell layers, different 
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types of devices, services, and so on. Thus, the overall planning and optimization of the radio access network 

(RAN) and the processes that underlie the success of the 5G concept are extremely complex.  

2.1.   5G architecture 

As shown in Figure 2, 5G is a convergent system that supports various applications; these 

applications range from mobile voice and internet gigabits per second to D2D and V2X communications 

(Vehicle-to-X, X stands for Infrastructure (V2I) or Vehicle (V2V)), and public safety and MTC. 3D-MIMO 

is used in base stations to enhance data rates and capacity at macro levels. By using relay stations, 

implementing very dense small cells or WiFi offloading will greatly improve the efficiency of the system in 

terms of coverage, capacity and energy. Directed mmWave links will be used for BS small cell and/or relay. 

Macros will help D2D communications by providing a level of control. Smart grid will be another 

application that will be realized in 5G and will allow the power grid to operate more efficiently and reliably. 

Cloud computing can potentially run-on RAN and beyond, and mobile users can extract the 

resources they need from a shared virtual repository managed by the network. In this way, the application or 

applications can be brought closer to the end user to reduce communications latency and better control of 

real-time and delay-sensitive functions [10]. 5G is expected to integrate various RAT technologies long term 

evolution (LTE), high speed packet access (HSPA), global system for mobile communications (GSM) and 

WiFi) and new RWs in the mmWave band. MmWave technology will result in revolutionizing the mobile 

industry, not only due to the wide bandwidth that is available in the band (which allows the creation of Gbps 

wireless tubes), but also due to the reduced antenna size, the possibility of creating series antennas with 

hundreds or thousands of the antennas in the BS Or even gives us the user device. Smart antennas with the 

beamforming and phased array abilities are used to direct the beam of the antenna to the wanted location with 

a high accuracy. The narrow beam allows us to make the most of 3D degrees-of-freedom (DOF) without 

having to worry about interference with the other users. The small size of the antenna enables massive/3-D 

multiple-input multiple-output (MIMO) in the base stations and ultimately in the user's device. MmWave 

technology as well, enables ultra-broadband backhaul links to transfer traffic to the small base stations or 

relay stations, which increases system flexibility. Implementing very dense small cells is another 5G solution 

to the challenge of 1000 times the capacity. Smallcell has the potential to dramatically increase system 

capacity and minimize the physical distance from the base stations to the user, thereby increasing energy 

efficiency at 5G. The former 3GHz bands are also used for macrocells and their broad coverage, whereas 

higher frequency bands (such as cmWave and mmWave bands) are used for the small cells provided by the 

BS macro control level [10], [11]. 
 

 

 
 

Figure 2. 5G architecture [10] 

 

 

In addition to new RATs and small, dense cells, existing RATs will evolve into 5G for higher 

spectral gain and energy gain. The LTE-A data level latency is about 20 ms, and that is expected to be 

decreased to 1 ms in the future. In addition, the spectral gain of current system of the HSPA is 1bs/Hz/cell, 

which can be expected to be increased tenfold by the year of 2020. The energy efficiency of a cellular system 
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is expected to be improved one thousand times by the year of 2015 compared to 2010. Medium-access 

control (MAC) and physical layer (PHY) layer techniques for transmitting small but delayed packets for 

machine-type communications (MTC) applications will be reviewed. Virtualization will also have a 

fundamental impact on the 5G for effective resource management; 5G is a multitenant network that not every 

mobile operator needs to have all the network equipment (like the base station) may be shared between a 

variety of the operators and even users. The current concept of cloud network mostly includes data centers. 

Mobile network virtualization brings such concept to backhaul and RAN for the purpose of allowing the 

backhaul and the BS links to be shared by different operators. Finally, we point out that the end users of 5G 

smartphones are multi-mode. These end users are smart enough for being capable of choosing the correct 

interface for the purpose of connecting to a network according to the quality of the channel, residual battery 

charge, energy efficiency of a variety of the RANs, and required quality of service. These smart end-users 

support the 5G D3 interface at 10 Gbps [10]. 

 

2.2.   Fifth generation limitations 

Fifth generation communications networks have limitations. Resource, power, energy and network 

coverage constraints are the most important of these constraints. Of course, there are other problems. 

Interference has always been a problem in communications networks. In a dense and large-scale IoT 

network, inter-cell interference problems become very important, and therefore, advanced energy allocation 

and interference management techniques are required. In addition, one of the major concerns of cellular 

communications system designers today is to reduce power consumption in order to use more battery power 

or reduce battery volume and weight. Along with common methods of reducing consumption in various 

sectors such as hardware, software and power management system is one of the effective methods of optimal 

use of limited energy is available. Communicating with energy saving is very important because most sensors 

and actuators in the internet of things (IoT) are battery operated and have limited battery capacity and 

charging capabilities. Designing resource allocation with appropriate efficiency and designing 

communication protocols is essential to provide satisfactory quality-of-service (QoS) and support in dynamic 

network environments. Network coverage and resource allocation limitations are very important in 5G 

networks. There are different tools and designs for this theme. One example is D2D connectivity. 

Information was provided on fifth generation networks and their structure and objectives. As the 

title of this review paper suggests; in this paper, we seek to examine the role of a powerful tool in fifth 

generation networks to meet the challenge of the complexity of these networks. This powerful tool is the 

same as artificial intelligence and machine learning. Here it is better to fully define the relationship between 

artificial intelligence and ML. generally, the correlation between AI and ML can be expressed in such a way 

that ML is a branch of AI. Artificial intelligence is a term used to describe a wide range of subjects, rather 

than a specific technology; includes all technologies that have an aspect of intelligence. Machine learning is 

also a modeling method that uses data to create models. So, machine learning is a method that extracts a 

model from data. This data can be text, audio, video or communications channel information. The ultimate 

goal of the machine learning process is to achieve modeling, forecasting, and classification that can be a good 

solution to complex problems. 

 

 

3. APPLICATIONS OF AI IN FIFTH GENERATION NETWORKS 

The use of artificial intelligence and machine learning can cover various communications 

applications. To enable the use of artificial intelligence mechanisms to effectively manage network resources 

to allow users to connect without borders; the self-organized network must be introduced. This network is 

called self-organizing networks (SON) for short. Understand. So, SONs with clarity intend to reduce 

operating costs through the replacement of the traditional manual configuration, maintenance and 

optimization after deployment in mobile networks with auto-configuration, self-optimization and self-repair 

characteristics. In short, self-organized networks offer a vision in which future radio access networks will 

have much easier planning, configuration, management, optimization, and troubleshooting. This horizon is in 

line with 3GPP and nanograined metallic glass (NGMN). SON performance can be divided to 3 general 

classes; i) self-configuration; ii) self-optimization; iii) self-healing. 

Current self-organizing networks (used in the second to fourth generations) typically track the 

method shown in Figure 3, in which spatio-temporal knowledge (including drive tests, OAM reports, and 

some other information) is obtained. Is available in full or in part. For example, it is assumed that the location 

of possible cover holes or ping pong (return) delivery areas is known by the SON engine. However, since 

SONs do not provide dynamic structures for predicting system behavior in the live operations to meet the 

exact latency needs of the next generation of mobile phones, the current method of the SON shouldn’t be 

taken under consideration in the future networks of the 5th generation [12]. 
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Figure 3. Self-organizing networks (SONs) in networks of the 2nd, 3rd and 4th generations [3] 
 

 

Figure 4 shows a possible and general framework for SON in the fifth-generation network. As can 

be seen; Big data that may be summarized as vast amount of the information that is available from various 

sources on a mobile network, has been considered as one of the key features that distinguishes the next SON 

from older mobile systems. Big data sources for the SONs of the 5th generation can be divided into 3 

fundamental layers at the level of the network, which are presented: 

 Common-level data: such as call success rate, speech quality, call dropout ratio, IP traffic flow. 

 Data at the core level of the network; such as statistics related to historical alerts, authentication and 

device configuration records. 

 Cell surface data; such as the thermal noise power, received interference power, and channel base 

bandwidth. 

In addition to collecting the data, the introduction of the ML tools and data analysis (such as data 

mining tools) makes it possible to automatically convert large (raw) data into accurate (meaningful) data. After 

obtaining appropriate and reliable data, the behavioral models of the system and the user may be obtained, then 

delivered to the engine of the SON for the purpose of achieving the proper performance of the SON. 
 

 

 
 

Figure 4. Expected framework for 5G self-organizing networks [12] 
 

 

In short, SON enables the use of AI-based methods (eg. ML, genetic algorithms, bio-inspired 

algorithms, and fuzzy NNs) to effectively address the problems of complex scale systems. Great to manage. 

Heterogeneous networks are networks that have heterogeneous designs. HetNets heterogeneous networks 

have a problem because the number of network resources is constantly increasing. Artificial intelligence 

methods have been designed for the purpose of overcoming the large-scale system disadvantages, so they can 

be added to future and current HetNets for the purpose of reducing the human conflict. Such a plan is a very 

important goal of the SON. At that point, AI-based methods are capable of significantly reducing the 

operating and capital costs as well as optimizing the network coverage, capacity, and QoS in the HetNets 

based on the Self-X features [13]. This is a good and complete goal and a great motivation to use these 

techniques. The main purpose of artificial intelligence techniques is to make HetNets networks smarter. 
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These techniques cover a wide and varied range. Some of nature's findings are inspired, some by human 

reasoning methods (eg fuzzy systems) and some by feedback-based learning (eg ML) and local interactions. 

To understand the advantages and disadvantages of each, a detailed study of every one of the techniques and 

its viability has to be done in some of the network applications. 

Artificial neural networks are one of the most important tools in artificial intelligence, which is 

based on human brain neurons. In short, ANNs mimic how the human brain operates. A neural network is 

created by connecting a large number of nodes (neurons) that are connected to one another using values of 

different weights. After learning, artificial neural networks can be used for classification. In the present day, 

using the intelligent systems, in particular, the ANNs, became so common that those tools may be 

categorized as widespread and fundamental tools in the basic mathematical operations. In ANN, as shown in 

Figure 5, different artificial nodes (for example, the neurons) are interconnected for the purpose of forming a 

network of intertwined nodes that collect the information with the use of a connects the processing method to 

compute. Every one of the connections between nerve cells can be assigned a numerical weight that may be 

adjusted to match neural networks with inputs [14]. The neural models are usually utilized for the purpose of 

modeling the complicated relations between the input and the output. In addition, artificial neural networks 

require no comprehensive knowledge of the processes of the neural functional [15]. Thus, ANNs are capable 

of operating in unsupervised environments and inherently perform quite well in these environments, and 

therefore their performance in a variety of the HetNets heterogeneous network issues for the estimation or 

approximation of the functions which are dependent upon numerous unknown input conditions has been 

analyzed [16]. 

The studies presented in [17], [18] can be described about artificial neural networks and their 

correlation with the processes of the self-optimization. This research proposes an ANN network to increase 

vertical manual performance (Figure 5). With the future of 5G emerging, there is an immediate demand for 

the development of sufficient vertical access methods, with provide the mobile terminals with the ability of 

roaming in a seamless manner between existing wireless networks. The suggested approaches enable users to 

manually adapt the environment of the destination network quickly and the performance changes can be 

effectively prevented. 
 

 

 
 

Figure 5. Use of ANN for the HetNets heterogeneous networks [4] 
 

 

The fuzzy logic method seems to be suitable for controlling the incorrectness of wireless mobile 

networks [19]. In fact, fuzzy system techniques for controlling manual decision algorithms have recently 

been proposed. For example, a study in [20] proposes an access decision algorithm according to the type2 

fuzzy logic that considers the types of network access and user characteristics and chooses the network that 

has the maximal amount of the satisfaction. A fuzzy logic transmission image in the HetNets heterogeneous 

networks has been illustrated in Figure 6. In addition to hand-based applications, using the concepts of fuzzy 

logic, as studied in [21], eICIC can be successfully used in heterogeneous HetNets networks. For some 

applications, defining fuzzy sets is useful in terms of more general forms of degree-degree functions. A 

significant form is the A: X L, where L means network. When L represents a class of the fuzzy numbers that 

have been defined on [0-1], fuzzy sets of type two will be obtained. This chapter was an overview of artificial 

intelligence techniques for heterogeneous networks; in the following, we will enter the objectives of this 

research a little more specialized.  
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Evolutionary algorithms can be used in resources to find cell programming problems and optimize 

node locations. For instance, the research by [22] implemented a multi-objective GA for the purpose of solving 

a communication node task in the HetNets. It has the aim of maximizing the coverage of the communication, in 

addition to its total capacity band-width, at the same time as reducing the costs of the installation. In a similar 

manner, the papers by [23], [24] proposed an evolutionary multi-objective approach for the 4G BS 

programming, in which the system capacity, signal coverage, and cost have been taken under consideration as 

objective functions and interference as a Constraints are considered highly important. Also, in [25] a distributed 

genetic algorithm has been utilized for dynamically optimizing the femtocell group coverage with adaptive 

adjustment of pilot power. It is possible to review other designs and ideas from the application of evolutionary 

algorithms in communications applications, but it is not necessary to review all of them here. Our main goal in 

this section of the paper is just to understand their interesting application in this field.  

 

 

 
 

Figure 6. Fuzzy logic for the HetNets [13] 

 

 

Prediction of QoS is one of the most attractive applications of machine learning in communications. 

As the number of connected vehicles increases and the number of sensors connected to the network 

increases, the network load will increase significantly and the network will face a lot of uncertainty. So, if we 

want to manage such a network without using machine learning, we will face a problem. Machine learning 

will increase efficiency and help us use new methods. Using a powerful tool called artificial intelligence, 

customers will experience more stable networks. This is an important achievement. In addition to the fact that 

customers will lose far fewer calls, service providers will be able to configure and maintain the network more 

easily, and the energy consumption of communications towers will be significantly reduced, which can help 

expand the network further. Machine learning and artificial intelligence will also help identify network 

problems and enable problem prediction using data analysis, thus better managing network operators and 

employees. In short, in the future, artificial intelligence will be present in the network and service delivery 

infrastructure and in the path of data transfer to devices and in the mobile devices of users. In [26], a deep 

neural network (DNN) is used to ensure that the QoS is in good condition during video streaming. In [27], 

deep networks are used to maintain and manage the QoS . 

With the appearance of the new technologies, plans, and infrastructure, spending considerable radio 

resources on the estimation of the conditions of the channel in the mobile networks represents quite a  

challenge [9]. The automation of the process that is utilized for the prediction of the conditions of the channel may 

result in the efficient utilization of the resources. So far, [9], [28] proposed a machine learning-based approach, in 

other words, an ANN to predict the value of the signal to interference plus noise ratio (SINR) for the purpose of 

mitigating the utilization of the radio resources in the mobile networks. The scheduling of the radio resource 

is, in general, accomplished based on the estimated conditions of the channel, in other words, the SINR using 

the sounding reference signals (SRS). The suggested nonlinear auto regressive external/exogenous (NARX)-

based ANN has the aim of minimizing the rate of sending SRS and achieves a R = 0.87 accuracy. Which may 

result in vacating about 4% of the spectrum, enhancing the efficiency of the bandwidth and reducing the uplink 

power consumption. Table 1 lists some of the papers related to this field. 

The issue of security in communications networks can also be solved with artificial intelligence. In 

general, the purpose of an industrial intelligence algorithm in the field of security is to detect and counter the 

attack. Some papers, such as [29]-[31] have researched on this subject. Optimization of energy consumption 

in communications networks using artificial intelligence algorithms is a topic that has been followed in 

papers [32]-[34]. Research in this area can also be interesting. In short, by using intelligent algorithms, 

manual scheduling, implementation, optimization, and network maintenance activities can be substituted or 

supported by independent and automated processes. As a result, operating costs are decreased and human 

error is reduced, which is a very attractive goal and performance. 
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Table 1. Some of the papers related to this field 
Row Subject and Purpose Ref 

1 Cognitive autonomous networks of the5th generation [14] 

2 Handover prediction [35] 

3 Link status prediction [35] 

4 Intrusion detection system [35] 

5 Modulation classification [36] 

6 Network optimization utilizing a variety of the approaches [36] 

7 Enhancement of the QoE for the 5th generation [37] 

8 AI as Micro Service (AIMS) for data-driven intelligent traffic over networks of the5th generation [38] 

9 Monitoring and analysis of the wireless network  [39] 

10 Fault Diagnosis for autonomous vehicles utilizing the SVMs [40] 

11 traffic classification, routing decisions, network security [41] 

12 predict mobility based on traffic flows between base stations [42] 

13 Object classification in 5G-enabled industry robotics. [43] 

14 traffic prediction using LTSM models [44] 

15 solving mobility problem using LTSM models [45] 

16 Minimizes delay for offloading, caching and radio resources for IoT [46] 

17 Minimizes delay and energy consumption for wireless system [47] 

18 Traffic prediction for future using demand patterns [48] 

19 Optimizes scheduling for offloaded tasks [49], [50] 

 

 

A summary of the methods and materials expressed in the form of taxonomy in Figure 7 can be 

expressed. All details are categorized into three levels. The first level shows the tasks of intelligent systems 

in communications networks. The second level shows the tools and models used. Finally, at the third level, 

the objectives studied in the communications networks are listed. 
 

 

 
 

Figure 7. Taxonomy of task and Ai tools that used for network operations 
 

 

4. FUTURE RESEARCH 

Research on the use of artificial intelligence tools in complete communications networks is active 

and attractive. In recent years, the international communications union (ITU) has appointed a group called 

the focus group to study the technical aspects of using machine learning methods in future communications 

networks to work on issues such as interfaces, network architectures, protocols, algorithms and data formats. 

Machine learning is expected to take on some of the burden of designing, operating and optimizing 5G 

networks. Communications networks generate huge amounts of data that operators use to analyze users' 

location, cell phone movements, and call patterns, and focus group hopes that better machine-learning 

information can be extracted from this data. One of the challenges is that operators want to extract the 

information they want directly from the network (without intermediaries and doing extra work). The optimal 

way to do this is to process the machine learning execution resources as close to the edge as possible and use 

the results of their analysis to automatically control and manage the network. With the growth of 

technologies like the software-defined networking and network function virtualization, the ITU also 

anticipates that machine learning will increasingly help automate the network control process and service 

delivery. The team is exploring how to train, adapt, compress, and exchange different machine learning 

algorithms and ensure that these algorithms interact properly with each other. In these interactions, the 

element of network security must be considered and the privacy of individuals must be protected. 

In the future, IoT and video will be the basis of communications companies' business. Many 

exciting future ideas are based on IoT concepts. In the not-too-distant future, we will see that more high-
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quality videos will be broadcast on the network platform. In order to be able to provide the best service to the 

customer on the network, we must use the concept of automation or digital operation. With digital operation, 

you can predict errors that may occur in the network and maintain network quality [51]. Digital operation 

will make a significant improvement in network performance and stability, as 70% of network errors 

(backend operations management) are caused by human errors. In addition, the ability to process customer 

requests and enable users to participate in finding network defects is another advantage of digital operation. 

AI will facilitate the network optimization process: so that backend traffic is routed according to the needs of 

the devices and the type of configuration, and we will reach a point that is interpreted as cloud-network 

synergy. In fifth-generation networks, we need new chipsets for our processors, new software architectures, 

new communication protocols, and artificial intelligence to optimize what the processor is doing in order to 

reduce network latency and increase user satisfaction. All of these needs are attractive fields for research.  

An open field for research is the introduction of artificial intelligence-based algorithms that can 

predict network data traffic, automatically allocate network resources to meet users' needs more efficiently, 

and create high-quality, reliable networks. This optimization of wireless networks will make it possible to 

provide high-bandwidth, low-latency services in the future, which is critical to applications such as cloud 

virtual reality games. 

The use of machine learning, and in particular deep learning in digital communications systems, can 

be an open and engaging issue for research. Various ideas can be put forward to improve the quality of a 

communications connection. For example, by combining a one-dimensional canonization network and a 

return network, linear code decoding can be improved. In fact, by using the potential of combining these two 

types of neural networks, it is possible to discover the error pattern applied to the code words that are applied 

to them while passing through the channel with Gaussian noise, and the original code sent by the sender with 

the least error on the receiver side retrieved. Also, in the field of diagnosis and classification of modulations, 

better results can be obtained by combining different networks. Another point is to adjust the parameters of 

deep learning. Since determining the parameters of deep learning models is tedious and costly work during 

model construction, coding methods using deep learning based on meta-exploration algorithms to determine 

the parameters are suggested for future research. These researches can be done in the field of model 

optimization or optimization of parameter values. Due to the vastness and infinity of the problem space, 

extra-exploratory methods are known as the best tools for this work. Other research in the field of resource 

management and traffic forecasting at the network level are also interesting areas. As another idea, we can 

investigate what data the proposed algorithms will have better results in input (audio, video). In general, we 

want to use deep learning as a black box to explore and understand communications channels, especially the 

physical layer (PHY). Therefore, the use of deep learning concepts in the field of digital communications is 

also expanding. Figure 8 show the use of deep learning concepts in the field of digital communications. 
 

 

 
 

Figure 8. Use of deep learning concepts in the field of digital communications 
 

 

The internet of things (IoT) is an attractive concept and is a vital field, in the telecommunications 

world [52]. This concept, in essence, refers to a completely homogeneous network formed through smart 

devices connected to the internet. In the IoT, we are faced with huge volumes and diversity of data, and machine 

learning (ML) and deep learning (DL) mechanisms play a pivotal role in creating intelligence in IoT networks. 

The above are examples of what is happening in the field of communications and infrastructure 

preparation to welcome 5G. Technologies such as 5G and the Internet of Things will add to the complexity of 

future networks, and this complexity will negatively affect the customer experience. Artificial intelligence 

will enable networks to optimize themselves, improve their performance, and provide customers with the best 

user experience. It should also be noted that in the coming years; the sixth generation of cellular 
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communications will be used. In the sixth generation (6G) of cellular communications [53]. There will be a 

lot of emphasis on artificial intelligence. 
 

 

5. CONCLUSION 

The 5th generation of mobile networks is the latest generation of communications systems. The 

future of 5G is related to a completely heterogeneous network at a variety of the levels, which include 

multiple RAT, multiple bands, multiple cell layers, different types of devices, services, and so on. Thus, the 

overall planning and optimization of the RAN and the processes that underlie the success of the 5G concept 

are extremely complex. To meet this challenge, the use of artificial intelligence and machine learning will be 

very appropriate. Using a powerful tool called artificial intelligence, customers will experience more stable 

networks. This is an important achievement. In addition to the fact that customers will lose far fewer calls, 

service providers will be able to configure and maintain the network more easily, and the energy 

consumption of communications towers will be significantly reduced, which can help expand the network 

further. Machine learning and artificial intelligence will also help identify network problems and enable 

problem prediction using data analysis, thus better managing network operators and employees. In short, in the 

future, artificial intelligence will be present in the network and service delivery infrastructure and in the path of 

data transfer to devices and in the mobile devices of users. 
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