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Abstract 

The occurrence of various devices that are interlinked to provide advanced connectivity throughout 
the systems revolves around the formation of 5G systems. Artificial Intelligence plays a fundamental 
role in the 5G networks. The popularity and integration of 5G have emerged through advanced 
cellular networks and many other technologies. This innovative and speedy network has built strong 
connections in recent years, its conduct in business, personal work, or daily life. Artificial Intelligence 
and edge computing devices have optimized internet usages in everyday life. The growth of 5G 
networks is effective in the AI/ML algorithms due to its low latency and high bandwidth, which also 
performs real-time analysis, reasoning, and optimization. The 5G era has fundamental features that 
are highlighted among the revolutionary techniques which are most commonly used by cellular 
device networks, such as the resource management of radio, mobility management, and service 
management, and so on. This work also integrates the selection of spectrum and access the spectrum 
which AI-based interface to accomplish demands of 5G. The strategies which are introduced are 
Fractional Knapsack Greedy-based strategy and Language Hyperplane approach which becomes the 
basis of subsequently utilized by strategies of Artificial Intelligence for purpose of the selection of 
spectrum and the right allocation of spectrum for IoT-enabled sensor networks.  
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INTRODUCTION 

The Fifth Generation (5G) network which is based on the Internet of Things (IoT) stimulates greater capacity data speeds 
with low latency. The fundamental use of IoT network is to provide to heterogeneous wireless users or machine devices 
(Bynagari, 2019; Manavalan, 2020). The 5G networks are at high demand today as they are expected to drive ultra- high-
speed data transmission which is equivalent to 1000 times the speed of current LTE networks, with a higher battery life. To 
handle packets of data, Artificial Intelligence based approaches are used in resource management amongst the devices that 
are used in 5G networks. They possess the capacity to satisfy different requirements of various services for a fully 
connected smart society which includes services including the enhanced mobile broadband (eMBB), massive machine type 
communication (mMTC), and ultra-reliable and low-latency communication (URLCC). With all the specifications, 5G 
networks are utilized for on-demand constructions of network slices by using software defined networking (SDN) 
technologies. An innovative network slice which is controlled by software is also called as network softwarization. With 
the growing era there are various categories of wireless technologies which access the rise in fulfilling the spectrum. 
During the process, it improves all the channels using Fractional Knapsack. The delay in spectrum access is done by 
introducing Language Hyperplane Optimum Channel (spectrum) Access. It does not just minimize time lag in spectrum 
has the accessibility of spectrum but also boasts the spectrum accessibility and positive results. 
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LITERATURE REVIEW 

Cognitive radio network (CRN), and detailed examination of occupied spectrum was presented in (Azmat et al., 
2016). Both supervised and unsupervised techniques were examined to determine which had the highest 
categorization accuracy. The interference rate, on the other hand, was not targeted, creating a significant technical 
obstacle to spectrum allocation. Giving in-depth Learning model for allocation of optimized spectrum which was 
built in order to address this problem with a Learning model to gain optimal spectrum allocation which was made in 
(Li and Guo, 2020) that not only gave higher performance but also showed quick convergence. The total rate of D2D 
links is improved by using a learning algorithm to lower the likelihood of cellular links going down. However, it was 
unable to select resource blocks automatically (RB). Spectrum utilization becomes crucial due to a scarcity of 
spectrum. Artificial intelligence (AI) was first introduced in (Lin et al., 2019) to increase the credibility of spectrum 
utilization. The issue of spectrum scarcity has not been resolved. Another model of spectrum which is used for 5G 
networks was presented in detailed information to increase link rate and achieve good targets in (Li and Guo, 2019). 
However, it was unable to complete the categorization task. Another AI-enabled 5G network was presented in for 
addressing multiple parts of the 5G network based on configuration and detection in (Yao et al., 2019).  The spectrum 
shared was performed in (Huang et al., 2017) via AI methods to attain the quality of services provided (QoS) The 
spectrum precision, on the other hand, was not targeted. In the year 2000, work was started on employing Strategy 
Nash Equilibrium (SNE) to address spectrum underutilization. In (Huang et al., 2017) power AI algorithms were 
used to dynamically share the spectrum in order to achieve a tolerable quality of service (QoS). The spectrum 
precision, on the other hand, was not targeted. The use of Strategy Nash Equilibrium (SNE) to reduce spectrum 
underutilization was designed in (Fan et al., 2018; Ahmed & Ganapathy, 2021; Sharma et al., 2021) to optimize 
latency. However, the incomplete information was not taken in action. 

THE INTELLIGENCE IN 5G NETWORKS 

The Artificial Intelligence include the mechanism and science of developing technologies which is as diligent as 
humans, which is also being introduced in the communication networks (Wang et al., 2015). Artificial Intelligence is 
vast and it has been classified into two sections the basic or the first level determines that machine provides various 
options and responds differently to the environment. The second level of AI enables the machine to work completely 
to its full capacity to optimize such as sense, predict, mine and reason with the surroundings. The quality of machine 
is determined when it is able to handle any task even when it faces tough or strange scenarios to cellular networks 
(Amin & Manavalan, 2017; Bynagari & Ahmed, 2021; Bynagari & Amin, 2019; Fadziso & Manavalan, 2017); 
Manavalan, 2019a; Manavalan & Chisty, 2019). In this step we are going to focus on how technologies of candidate 
provide intelligence preliminary which is the initial stage and transforming networks of cellular technology from 
network-centric to user-centric and information-centric with a proper SE and EE versions. 

Radio source management 

4G cellular networks accessibilities dependent on the on orthogonal division of frequency multiplexing (OFDM) for 
handling signals and works as a base associated on accessible areas. The frequency-division duplex (FDD) and time-
division duplex (TDD) formats, offers great usage by the OFDM and TDD 4G cellular networks have structure that 
shares similarity of frame in which they group a static number of symbols and subcarriers into one resource block 
(RB). It increases the satisfaction level of subcarrier in OFDM. It carries multiple set of information which can be 
executed individually by the receiver with least cost required for computation. For this network, 5G cellular 
networks always target to bring latest forms, waves and provide interfaces with softer air. Specifically, the filter-bank 
multi-carrier (FBMC) and unified-filter multi-carrier (UFMC) are famous candidates that give more flexibility and 
reliability in structured frame and news waveforms in the era of 5G. FBMC and UFMC both add filters to look for 
the leakage across subcarriers which makes it negligible to strictly balance across RBs. 5G cellular networks also 
provide various interface solutions which contains various RBs, includes multiple access schemes, TTI (transmission 
time interval) parameters, waveforms, and duplex mode, pilot signals, etc., can be well defined (I et al., 2016). In the 
given in Fig. 1a, eMBB having bandwidth which is large and symbol can provide a higher rate, whereas in URLLC , 
it provides a smaller TTI which can be used to reduce the latency level where It can respond rightly. 

The cellular networks of 5G provide non-orthogonal multiple access (NoMA) techniques which includes coding 
multiple access, which is alike and the progression from OFDM to FBMC/UFMC (SCMA). SIC receivers (or even more 
computationally-exhaustive closest receivers) are used to decode the received information in such NoMA schemes, 
which gives overlapped information from two transmitters in the radio resource which is similar to it. Another benefit 
of NoMA is that it provides free transmission in the uplink (UL) if the UE identification and the grant-free UL 
transmission are mapped together. SIC receivers gives an overlapped information from two UEs that uses same 
resources instead wait for resource allocation commands like the one in 4G cellular networks. It grants transmission in 
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UL which could eliminate the laborious signalling methods and save the latency power for tiny packets at a negligible 
performance loss, notwithstanding the reliability advantage of granted transmission (see Fig. 1b). In comparison, 5G 
cellular networks will eventually offer one alternative choice that is well suited to mMTC service. 

Mobility Management 

There are two states in 4G cellular networks for managing involves spreading the location of UE’s to the utmost level 
which includes Evolved packet system (EPS). To ensure session continuity and information reachability, all the 
connections to EPS mobility management (EMM) and UEs should respond to their whereabouts on a regular basis. 
Treating all UEs the same is unquestionably resource-intensive. Instead, some UEs are in fixed places (e.g., UEs for 
mMTC metering services) should only emphasis at the beginning of the network connection. All the cellular 
networks containing 5G connectivity have access to mobility of multiple-tier to bring flexibility in mobility 
management while considering the major factors (Doewes et al., 2021; Ahmed et al., 2021). 

For example, the5G cellular networks gets requests from mMTC UEs with components such as immobility, costing 
and tight energy-efficiency requirements to initiate data transfer reactively (Fig. 1c). Meanwhile, certain vertical 
businesses have their mobility management tailored by 5G cellular networks based on geographical features. We can 
also term it as, once UEs enter a certain region, may provide top level mobility management (e.g., dual connectivity) 
and thus be able to update their locations more frequently. 

 

Figure 1: Candidate technologies for intelligent cellular networks: a) flexible bandwidth and symbol length enabled 
by FBMC and UFMC; b) granted and grant-free transmission enabled by NoMA; c) flexible mobility management 
schemes; d) dynamic service provisioning stack 

Management and Orchestration 

Recently, increasing development of software-defined networks (SDN) has been witnessed by the industry (Li et al., 
2014). Several well-known operators and manufacturers, including AT&T, China Mobile, Telefonica, and Cisco and 
Huawei, have collaborated to launch the Open Networking Lab, which aims to bring innovation in SDN to the 
Internet. This is called as Central Office Re-architected is a Data centre (CORD). CORD has effective existing virtual 
hardware devices including CPE (customer premises equipment), OLT (optical line transmission), and BNG 
(broadband network gateway) and developed software counterparts includes open network operating system 
(ONOS) apps on the commodity hardware. Moreover, CORD has its basis at which it offers various software 
elements which are built in it (Zhou et al., 2016). 

Service Provisioning Management 

Besides the interface enabled by FBMC or UFMC, planned by 5G networks to intelligently forwarding the route of 
one service using SDN application interfaces (APIs) and have flexibility in service provisioning stack. 5G cellular 
networks have proposed a novel concept called network slicing as a result of the advancement of SDN and network 
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function virtualization (NFV) (NS). NS makes it possible to generate intellectually network pipes to deliver ease in 
services that demand varying capabilities, performance metrics, and isolation criteria, rather than establishing 
specialised networks for distinct services. Moreover, it includes anchoring points, and service continuum 
capabilities. Specifically, mobile edge has potentially evolved to replace its forwarding-only functionality to places 
the storage capacity, memories, and computational capabilities (Soldani and Manzalini 2020). 

As a result, anchoring and forwarding points are chosen by the UEs which include serving gateway in core networks 
(CNs) and the cellular based network on practical requirements. Services with rigorous requirements for mobility 
and service continuity, for example, could transfer their initial points to edge networks which provide closer 
proximity, as shown in Fig. 1(d). In addition, device-to-device (D2D) connectivity in 4G has limited proximity 
services and public safety messages. However, direct communication with network assistance between vehicles and 
UEs is becoming a reality, and services of V2X are acquiring major subject to handle better URL. (e.g., automobiles) 

5G cellular networks can have an advantage of the advanced yet computation-intensive technologies everywhere 
from physical layer to the network structure, thanks to Moore's Law's huge advancement in signal processing 
capabilities. As a result, 5G cellular networks can present other options for many scenarios, which includes 
intellectuality and meet the requirements for full Artificial Intelligence. 

SYSTEM MODEL 

It presents the network model and the spectrum in this section where sensing is performed via a cluster head (CH). 

Network Model and Assumption 

A heterogeneous5G network for selection OF spectrum and access is presented. Different primary networks with 
multiple channel availability are present in the architecture. Each cluster in a primary network contains devices as 'n' 
IoT and 'm' channels, with each cluster consisting of several clusters. We examine a two-fold design in this study, as 
shown in figure 2, characteristics based on the IoT. The nodes have structured works stored on the devices in 
situation of the item in IoT relationship between multiple IoT devices. 

 

Figure 2: Sample two-fold architecture 

In given illustration, the IoT devices are in the section which is a low form multiple mesh networks, and the topology 
of star forms the topmost networks. In the lowest forms of mesh networks, devices interact with mesh and various 
figures of CH, and the cluster heads that are linked together. 

Shown in the illustration 1, ‘n’ number of devices ‘in the lowest fold are indicated as D= D1 ,D2……Dn‘ and with a 
mesh with device is represented as D1= D11, D12, D13,......D1n’,’ D2=D21, D22, D23,…….D2n ‘ and so on. The CH is 
represented as CH=CH CH2 ………CHn with IoT devices respectively. Considering the spectrum selection techniques 
which are not registered to IoT devices which is applied via function-based position to check the probability of 
transmitting to set its position. The specific function is given below, 

𝐹: 𝑃𝑟 → [0,1]            (1) 

The function ‘F’, and 'Pr' denotes the positional rating, which is indicated as 'Pr= A, IA, Succ, Fail' in the above 
equation (1). To acquire access to a spectrum, it must first be in an active (A) or inactive (IA) condition. Here ‘A’ is 
active state which shows spectrum accessibility by the licensed IoT devices. Whichever IoT devices license do not 
have access to the spectrum, it becomes in an inactive state ‘IA’, the spectrum access which is successful is denoted as 
‘Succ’, and spectrum access failure is denoted as ‘Fail’ respectively. 



Volume 8, No 1/2021                                                                                                                                                                                       ISSN 2313-0008 (Print); ISSN 2313-0016 (Online)                                                                                                                                                                    
 

Copyright © CC-BY-NC, i-Proclaim | APJEE                                                                                                                                                                                        Page 11 

 

 

Let's say there's no licensed transmission available; but, if IoT device which is unlicensed acquires spectrum access, 
the likelihood of transmission which is successful for this IoT at the next position is shown below.       

𝑃𝑟𝑜𝑏𝑠 (𝐶𝐴) (1 − 𝑃𝑟𝑜𝑏 (𝑏𝑢𝑠𝑦)): 𝑁     (2) 

The successful transmission probability 'Probs' is calculated using the possibility of successful accessing the path 
'Probs (CA)' and the chances of seeing the channel state as busy 'Prob (busy)' for 'N' different position numbers using 
the preceding equation (2). The number of transmissions of IoT device 'AVu' or the average number of the non-
registered IoT devices for continuous spectrum access is then shown below. 

𝐴𝑉𝑢 =
1
1⁄ − [𝑃𝑟𝑜𝑏𝑠]           (3) 

Energy detection model 

While performing various duties, every IoT device requires a significant limit of energy. The modes which such as 
inactive mode, active mode, spectrum selection mode, and spectrum access mode all have distinct energy usage. Let 
'𝑃𝑆,𝑖 ' be the power utilised by the 'ith' IoT device during the spectrum selection procedure. The total energy used in 

the spectrum selection procedure is then shown below.  

𝐸𝑠𝑠 = 𝑃𝑆,𝑖 ∗ 𝑎𝑆                  (4)                                                                                                            

The calculation of the energy which is consumed at the procedure of selecting spectrum ‘𝐸𝑠𝑠’ consumes power 𝑃𝑆,𝑖  

along with total time taken at the selection of spectrum process 'as' from the previous equation (4). It is recorded that 
energy is consumed during the procedure of spectrum (i.e. the cluster head). The IoT device needs power 'P CH’ to 
communicate the head of cluster, it can be explained from the following processes.  

𝐸𝑆𝐴 = 𝑃𝐶𝐻,𝑖 ∗ 𝑎𝐶𝐻              (5) 

The energy taken in during the procedure of accessing spectrum procedure 'ESA' is calculated using the power 
which is consumed 'P CH, I and also the time taken at the selection of spectrum process '𝑎𝐶𝐻', as shown in equation 
(5). The total energy used by the 'ith' IoT device is then calculated as follows.  

𝐸𝐶𝑖 = 𝐸𝑆𝑆 + 𝐸𝑆𝐴            (6) 

The above equation (6), 𝐸𝐶𝑖  which is denoted by the total energy taken by the ‘ith’ IoT device. From the above 
equation (6), 𝐸𝐶𝑖  indicates the consumption of total energy ‘ith’ IoT device. 

Fractional knapsack and langrange hyperplane spectrum access network 

IoT devices create large amounts of data. The rapid development of the term IoT is constrained by finite spectrum of 
radio. This is owing to the fact that IoT networks use a different frequency than other networks. The spectrum, on 
the other hand, is not particularly rare in frequency, but it is claimed to be underutilised, and it is presently selected 
by suitably applying radio environment information. FK-LHSA framework is used for network of IoT sensor is 
developed in this paper to improve spectrum access with complete accuracy while minimising spectrum access 
latency. The FK-LHSA framework is shown in Figure 3. 

 

Figure 3: Block diagram of FK-LHSA framework 
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The division of framework of FK-LHSA takes place into two different categories, as shown in the illustration above. 
In the beginning, the EPSDLAC Technique gets input from an IoT network. The early processing is used to filter out 
irrelevant data and focus on what's important. To lower the time complexity and dimensionality, pre-processing is 
done. The Fractional Knapsack model is used to pick the spectrum in the first stage. Spectrum access is accomplished 
in the second stage using Lagrange Hyperplane Classification. The following sections provide a full description of 
the framework mentioned below. 

Fractional knapsack multiband spectrum selection 

The Non-Orthogonal Multiple Access (NOMA) has gotten a lot of attention in recent years and achieved necessary 
technology for 5G networks (Wang et al., 2020). It has various advantages over the conventional multiple access 
approach, which allows multiple users to share a single resource block while taking advantage of differences channel 
between various devices of IoT. Using the NOMA and Fractional Knapsack energy, the suggested model ensures 
that each IoT device has the ideal rate of data requirement and consumption of energy. To begin, each IoT device 
determines whether or not to participate in the multi-band spectrum selection process based on if the residual energy 
accessibility. The CH then becomes certain about the spectrum to Iot devices that have great amount of energy to 
perform multiband spectrum selection, whereas low-energy IoT devices do nothing till the end of the position 
selection process. The CH then counts the result of selected spectrum from IoT devices and runs a series of tests to 
evaluate whether primary users exist on each frequency. 

A FKMSS model is used in this study. When it is proposed to few things, such as IoT devices and channels, data is 
specified at a minimum rate during the Spectrum Selection process if it has enough energy and data to broadcast. CH 
now has complete grip on all 'm' channels; it may schedule the spectrum to all the devices of IoT based on the IoT 
devices requirements. A collection of subset (i.e. whether the selected path for an IoT device or not) it is identified 
using this Fractional Knapsack, therefore total number of channels which is to be sorted is less than or equal to a 
threshold given the complete value should be as large as possible. With numerous IoT devices evaluated in this 
study, each set of IoT devices is broken down into smaller portions (i.e. fractions), resulting in the FKMSS model. 
Figure 4 depicts the planned flow diagram. 

 

Figure 4: Flow diagram of FKMSS model 
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The goal of the FKMSS model's architecture, as indicated in the diagram above, is to make ways in a way that overall 
throughout is maximised. As the data transmission and energy emitted (i.e. set of candidates) for the same IoT 
device on the 'ith' channel are not claimed to be at same duration, a dual index outcome 'D 'is given as follows.  
𝐷𝑗𝑖 = {1, 𝑖𝑓 𝑖𝑡ℎ 𝑢𝑠𝑒𝑟 𝑖𝑠 𝑢𝑠𝑖𝑛𝑔 𝑖𝑡ℎ 𝑐ℎ𝑎𝑛𝑛𝑒𝑙 0}         (7) 

The best candidate is found using the resultant equation obtained from (7). Following that, a plausible solution is 
found using a dual index. The data transmission or energy consumption of each IoT then the node is scheduled. The 
scheduling of the 'jth' IoT node is denoted by the dual index 'j,' where "when the 'jth' node is scheduled for data 
transmission" and "when the 'jth' node is scheduled for energy consumption." It is stated numerically as follows. 
𝜉𝑗 = {1 𝑖𝑓 𝑖𝑡ℎ 𝐼𝑜𝑇 𝑛𝑜𝑑𝑒 𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑡 𝑑𝑎𝑡𝑎  

0,𝑖𝑓 𝑖𝑡ℎ 𝐼𝑜𝑇 𝑛𝑜𝑑𝑒 𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑠 𝑒𝑛𝑒𝑟𝑔𝑦}         (8) 

The ultimate goal of the model of RMSS utilising greedy technique, as shown in equations (7) and (8), is to improve 
channel throughput while optimising 'Dji' and ’𝜉𝑗’ for all i and 'j'. The pseudo-code given below is the depiction of 
Dual Index Spectrum Selection. 

The technology of IoT 'j', channels i and 'CH' are among first possibilities to be activated. The selection function is the 
following stage, which chooses the best candidate (based on usage of energy) for the purpose of communication and 
selection of spectrum with cluster head. The other stage is to determine the IoT device and channel can be utilised to 
design a solution utilising a dual index outcome using a feasible solution. Finally, a function is measured to verify 
the way out utterly (i.e., transmission of data or energy measurement). 

Langrange hyperplane optimum spectrum access 

In the advanced years of computer and technology the working of machines and AI have conquered the interest of 
academics and researches done by people  brought establishment in wireless communication, with the goal of using 
AI  for 5G (Bynagari, 2015; Manavalan, 2019b). By various procedures such as breaking down, accessibility and 
spectrum allocation, an AI is also known for 5G network which gives cluster leaders the ability to establish a proper 
data store (Song et al., 2020). 

When the spectrum is not distributed appropriately, however, its occurrence is to have during the transmission from 
device-to-device. In order to reduce interference, an x model is employed in this study to allocate spectrum in a fair 
and optimal manner.  Vector Machine is also used to guide that solve sand classifies the problem by increasing the 
margin while reducing the total problems in this paper. Consider the following utility function for each IoT user. 
𝑈𝑖 = 𝑠𝑖𝑆𝐵(𝑎𝑖), 𝑤ℎ𝑒𝑟𝑒 𝑆𝐵 = 𝑆𝐵1 + 𝑆𝐵2 +⋯+ 𝑆𝐵𝑛        (9) 

The utility ‘Ui’ for each IoT user, ‘i’ is calculated using the service type parameter si, the needed spectrum band ‘SB’ 
and the SINR value ‘ai’ from the previous equation (9). Even when IoT devices have the same spectrum bandwidth, 
the parameter of service relates to the service which transmits are the kinds that are determined to be distinct.                                                                                                         

𝑎𝑖 = 
𝑝𝑙𝑖𝑖

𝑝𝑙𝑖𝑗+𝑁
            (10) 

The receiver which is at SINR 'ai' is calculated using when the route is lost during the IoT transition ‘plii’ and the IoT 
receiver plij’, as well as an additional factor of noise ‘N’ as shown in the above equation (10). Furthermore, the 
genuine gains of IoT devices are examined from the standpoint of capacity. Assuming that all IoT devices use the 
approved channels, which are limited by their power, also depends upon the capacity of spectrum transmitted; the 
sub-channel is represented as follows. 

𝑇𝐶𝑗 = ∑𝑖,𝑗=1
𝑛 𝑇𝑖𝑗𝐸𝑥𝑝𝑝𝑙1𝑖𝐸𝑥𝑝𝑝𝑙0𝑖 ∗ [𝑆𝐵 (

𝑝𝑙1𝑖𝐷𝑖𝑗

𝑆𝐵
)]         (11) 

The capacity at which transmission takes place ‘TC’ of the user of IoT or device ‘J’ is calculated using the ‘T’ time of 
an idle channel ‘i’ path that is lost from an IoT user ‘Exppl1i’ ', and loss of path to an IoT user ‘Exppl0i‘,, spectrum band 
‘SB’ respectively, from the preceding equation (11). The following equation is believed to be obtained optimal 
spectrum access by solving problem is known as Lagrange function. 

𝐿(𝐷𝑗 , 𝛽) = ∑𝑖,𝑗=1
𝑛 𝑇𝑖𝑗𝐸𝑥𝑝𝑝𝑙1𝑖𝐸𝑥𝑝𝑝𝑙0𝑖 ∗ [𝑆𝐵 (

𝑝𝑙1𝑖𝐷𝑖𝑗

𝑆𝐵
)] − ∑𝑖=1

𝑛 𝛽𝑖(𝐸𝑥𝑝𝑝𝑙1𝑖𝐸𝑥𝑝𝑝𝑙0𝑖(𝐷𝑖𝑗) − 𝐷0𝑖)    (12) 

∑𝑖=1
𝑛 𝐸𝑥𝑝𝑝𝑙1𝑖𝐸𝑥𝑝𝑝𝑙0𝑖 [𝑇𝑖𝑗𝑆𝐵 (

𝑝𝑙1𝑖𝐷𝑖𝑗

𝑆𝐵
)] − 𝛽𝑖(𝐷𝑖𝑗 − 𝐷0𝑖)        (13) 

The optimal access of the spectrum for an IoT device ‘Dj‘, is done by using the above equations (12) and (13) and a 
Lagrange factor ‘β’. Finally, looking at the equation Lagrange function above it yields maximum capacity of 
spectrum access, which can be shown as follows. 
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𝐷𝑖𝑗
′ =

{
 
 

 
 𝑖𝑓 𝑝𝑙𝑖 ≥

𝑁

𝑇𝑖𝑗
, 𝑤 ∗ 𝐷𝑖𝑗

′ − 𝑏 = 1, [𝑜𝑝𝑡𝑖𝑚𝑎𝑙 𝑠𝑆𝑝𝑒𝑐𝑡𝑟𝑢𝑚 𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛]

𝑖𝑓 𝑝𝑙1𝑖 <
𝑁

𝑇𝑖𝑗
, 𝑤 ∗ 𝐷𝑖𝑗

′ − 𝑏 = −1[𝑁𝑜 𝑜𝑝𝑡𝑖𝑚𝑎𝑙𝑙𝑦 𝑎𝑟𝑟𝑖𝑣𝑒𝑑]

𝑤 ∗ 𝐷𝑖𝑗
′ − 𝑏 = 0,𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒[𝑖𝑑𝑙𝑒 𝑠𝑡𝑎𝑡𝑒] }

 
 

 
 

      (14) 

The goal of our work using the resulting Lagrange function is to separate the two classes from the available 
examples. As stated above (14) the classifier must meet the following requirements, with ‘w‘denotes weight and 
‘b‘indicating bias value. The LH Classification model is depicted in the diagram below. 

 

Figure 5: Hyperplane classifying spectrum into two different classes 

In the given equation above, the classification of spectrum can be treated in two different ways which can be used to 
increase the margin with least possibilities of errors in it. The two categories could the optimal or the non- optimal 
spectrum. When the division of spectrum is carried out in a positive manner, we receive optimal spectrum results.  

From the LH access to spectrum technique mentioned above, four phases are taken to optimize accessibility to the 
spectrum with least latency to spectrum access and to increase accuracy of spectrum. The function for the entire utility 
IoT device is obtained in the first stage. The second stage examines the capacity at which transmission take place on a 
different channel after that. The final phase entails using the function of Lagrange to achieve maximum results of 
spectrum accessibility. Finally, the classification results are obtained using the derivative of the Lagrange function. 

CONCLUSION 

In this paper, we propose that AI be used to cellular networks. The intelligence required in developing practically in 
all areasof cellular networks operating 5G , includes managements such asthe radio resource management, the 
general management, mobility management and orchestration, and provisioning management of services,were first 
one to be explored. Second, we suggested an AI which has access to greedy IoT framework for selection of selection 
and spectrum accessibility. In the licenced band, free spectral channels were discovered and assigned to the 
appropriate IoT devices.A CH makes the choice on how these channels are assigned. The spectrum is then chosen 
using the NOMA and Fractional Knapsack energy models. The validity of the suggested framework is demonstrated 
by the results for various parameters under various models. As a result, future study can focus on analysing complex 
timings by using various techniques for learning machine operation. To increase spectrum performance, the data-
analytics-of AI based spectrum allocation (ADASA) algorithm is applied. 
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