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Abstract—The fifth generation (5G) technology provides high 

transmission and low latency communication to users by 

integrating heterogeneous devices and maximum radio resource 

utilisation. Prolonged longevity and effective communication 

are achieved through active resource routing. In addition, 

interference-less routing and lossless resource allocation are 

essential for ensuring successful communication. The 

transmitting and receiving users rely on shared channels to 

maximise resource utilisation where interference has a 

significant issue. In this article, a coalition-based routing and 

resource optimisation (CRRO) method is proposed to improve 

the performance of 5G communications. The proposed method 

relies on the cooperative agreement between resource providers 

and allocation channels to distinguish the sharing intervals. 

Maximum routing conditions for devices, service providers, and 

user routing are met with high longevity. In the coalition-based 

resource selection, synchronisation between the communicating 

is considered to maximum interference-less routing efficiency. A 

modified deep transfer learning is included in the interference 

level verification based on longevity and low interference to 

verify the synchronised behaviour of the routing process. The 

proposed method significantly improves the performance of 5G 

networks. By dynamically optimising resource allocation, 

minimising interference, and extending the longevity of the 

routing, it adapts resource utilisation to the varying conditions 

of the network and the demands of the users. The proposed 

CRRO improves resource utilisation and routing longevity by 

10.02 %, and 14.41 %, respectively, and reduces latency by 

10.47 % for the maximum interval. 

 
Index Terms—5G mobile communication; Wireless sensor 

networks; Resource optimisation; Routing; Transfer learning.  

I. INTRODUCTION 

Interference-free routing and device integration are two 

major contributions to fifth-generation communication 

systems [1]. Shared channels are widely used to effectively 

utilise resources and channels. Interference caused by 

different devices reduces performance and increases the delay 

in communication [2]. A better way to achieve effective 

routing is to deliver data on optimal pathways and avoid 

congested areas to maintain the transmission speed stability 

[3]. Without interference-free routing, network performance 

deteriorates, particularly in dense environments with many 

users. When various devices on a network are complexly 

integrated while maintaining clear communication, advanced 

techniques for simultaneous data transmission are necessary 

[4], [5]. Interference-free routing will ensure smooth and 

reliable communication in environments with the highest 

traffic loads. Minimising interference is important to keep 

fifth-generation services as reliable, fast-delivering, and low-

delay communication [6]. 

Resource optimisation in the fifth-generation 

communication system comprises aspects of longevity that 

contribute to efficient performance [7]. The number of 

devices connected to the network increases bandwidth, 

spectrum, and other resources needed for continued network 

operation. Optimised resource management prevents network 

congestion and facilitates smooth continued operation over 

long periods [8]. Long-term optimisation strategies maintain 

a balance between resource exploitation and network 

stability, preventing sudden traffic spikes from overloading 

the system [9]. Resources such as bandwidth and power can 

be managed with full efficiency so that there is no waste in 

obtaining high-performance results [10]. Resource 

optimisation ensures that the network infrastructure is robust 

enough for peak usage, leading to an extended service life of 

the equipment and a reduced cost of operation. Resource 

lifetime becomes particularly crucial when its pattern of 

usage like to changes overnight in variable environments. 

Fifth-generation communication networks may offer fault-

free service by optimising resource usage over time, even 

when traffic patterns change [11], [12]. 

Learning algorithms are becoming essential for resource 

allocation and routing management in fifth-generation 

networks. Predictive algorithms for traffic patterns in 

networks ensure efficient allocation of resources [13]. 

Continuous analysis of real-time data means that learning 

algorithms can adapt well and track the change in network 

conditions, thus ensuring optimal distributions of bandwidth 

and other such sensitive resources [14]. Such a prediction of 

future demand will help to avoid communication bottlenecks 

and ensure smooth communication, even at peak usage times. 

These algorithms also allow the network to self-adjust, while 

avoiding the need for heavy management and intervention 

from human sources [15], [16]. Therefore, learning 

algorithms prove to be very useful in such rapidly changing 

environments of demand in networks, which is a concern in 
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cities or during large events [17]. Expansions of these 

networks enable optimisation of resources and routing for 

better overall network operation due to communication 

algorithms. Acceptance of learning algorithms promotes the 

continuous progress of fifth-generation communication 

technologies, as well as more efficient intelligent network 

operations [18]. 

In [19], an optimised planning for distributed (DU) and 

central (CU) processing placement was proposed in 5G 

packet networks. It is used to place the DUs and CUs at 

selected processing nodes where it maximises the quality 

range of the networks. A parallel multihop routing protocol 

for 5G backhaul networks is designed in [20]. The developed 

protocol uses high performance computing (HPC) and cloud 

platforms to manage the resource level and speed of the 

routing process to solve the massive data traffic ratio that 

occurs during routing and allocation services. The designed 

protocol elevates the flexibility and performance rate of 5G 

networks. The authors in [21] introduced a new routing 

optimisation strategy for the 5G cloud edge collaboration 

scenario.  

The authors in [22] designed an artificial intelligence (AI)-

enabled performance evaluation method for 5G networks. 

The developed method is a residual network-based method 

that evaluates scores according to key performances. The 

method generates accuracy performance based on indicators, 

which minimises the latency of the process. The developed 

method increases the accuracy and granularity range of the 

networks. In [23], a black-box optimisation approach-based 

baseband function placement method was introduced for 5G 

networks. It is also used as a traffic prediction method, which 

minimises the loss function ratio of the networks. The authors 

in [24] proposed a multidomain framework based on deep 

learning (DL) based on end-to-end services in 5G networks. 

A deep reinforcement learning (DRL) algorithm is employed 

to provide relevant resource allocation services to the 

networks. The DRL algorithm also provides effective 

alternate routes to overcome data traffic for sensor nodes. The 

proposed framework enlarges the overall quality of services 

(QoS) for all networks. 

The authors in [25] proposed a multilayer 5G network 

slicing model. It is used as an optimisation model, which 

provides relevant solutions to the constrained problems. It 

also produces optimal distribution services to secure data 

distribution processes in the network. The developed model 

raises the feasibility range of the slicing process. The 

developed model enhances the effectiveness level of the 5G 

networks. A dynamic resource management algorithm for 

service chaining in cloud-edge-radio 5G networks was 

developed by the authors in [26]. The introduced algorithm 

analyses the resources that are required to perform the 

necessary tasks for the users. It also identifies the 

characteristics to produce feasible resource allocation 

policies for the process. Compared with others, the algorithm 

introduced improves the performance range of the networks. 

RL-based particle swarm optimisation (PSO) for end-to-end 

traffic scheduling was introduced in [27]. The developed 

model is used in time-sensitive networking (TSN)-enabled 

5G applications. It is used to analyse the actual requirements 

of the process, which decreases the computational cost of the 

systems. The developed model maximises the accuracy and 

feasibility level of the scheduling process.  

A new RL approach for virtual network embedding (VNE) 

for 5G networks was proposed by the authors in [28], [29]. 

The designed approach is used to identify the virtual 

embedding problems that cause severe problems to networks. 

A novel resource allocation method is implemented in the 

network, providing effective allocation services. The 

designed approach increases the overall QoS and 

performance level of the networks. In [30], a topology control 

algorithm was implemented that adjusted the coverage radius 

of 5G-based mobile ad-hoc networks (MANET) . It is used to 

adjust the flexibility and communication range of the 

MANET.  

Resource-based routing, optimisation, and longevity 

depend on the path loss mitigation rate for shared radio 

channels. Path loss owing to increasing device densities and 

communication rates fluctuates the resource utilisation and 

the allocation. Therefore, the allocation routing remains 

unused at any noise-inducing interval. This requires an 

alliance between the devices and their demands to discover 

new resources and, thereby, adapt channel allocation.  

The integration of collaborative strategies with unmanned 

aerial vehicles (UAVs) enhances communication efficiency 

and optimises resource utilisation. Task driver operations are 

made possible by forming a coalition of UAV’s that addresses 

the problems faced in the aerial environment [31]. A heuristic 

task allocation method is introduced for different types of 

UAV to develop resource allocation. The authors have 

introduced a different framework to identify the priority and 

benefits of the task employing a utility function for the UAV 

task relationship [32]. The collaboration operation in 

dynamic environments among many UAVs is addressed. The 

growth of single-to-multiple UAV requires a new networking 

model to specify concerns such as connectivity, mobility, and 

routing [33]. Coalition game theory is employed to create 

groups of similar UAVs while considering stable 

communication and task attributes [34]. Significant 

enhancement in utility by employing a preference gravity-

guided tabu search (PGG-TS) algorithm to overcome the 

limitations of traditional coalition formation models in 

heterogeneous UAV networks [35]. The development of a 

novel technique for content distribution, vehicular edge 

computing (VEC), is emphasised. This is achieved using 

fuzzy logic and coalition graph games [36]. Problems faced 

by rapid vehicle movement of vehicles and less channel 

capacity are specified by the coalitional graph game model 

that enables data transfer to road units [37]. The emphasis on 

the various applications of coalition game theory in 5G 

networks is introduced by improving network operation when 

devices in the network share resources [38]. The requirement 

for ultrareliable low-latency communication (URLLC) is 

discussed for better optimisation in narrow-band device-to-

device (D2D) communication within 5G networks [39]. The 

survey on energy routing protocols for the Internet is 

highlighted by the incorporation of metaheuristics, AI, and 

multiagent systems. By this method, energy efficiency and 

the utilisation of renewable energy are optimised [40].  

A detailed review of FANET networks for future works, 

applications, problems faced, and different technologies are 

adopted for effective communication. These conditions are 

necessary for delivery, surveillance, and monitoring of the 
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surroundings [41]. The necessity of maintaining performance 

cost and contentment of costumers was developed by the 

exploration of multiobjective coalition formation in 

horizontal supply chain collaboration. It also focusses on the 

optimisation of logistics and constant service quality [42]. 

The resource trading and coalition formation among devices 

are addressed by a novel technique for real-time processing 

[43]. 

The contributions of the article are to perform a 

background study of different works related to 5G resource 

optimisation, longevity, and routing techniques that propose 

a novel coalition-based resource routing optimisation method 

to improve the longevity and resource management of 5G 

communication networks. To compute the performance of the 

proposed method, using resource allocation, utilisation, path 

loss, latency, and routing longevity metrics, the performance 

of the proposed method is verified using a comparative 

analysis of the above metrics with the existing TFACR [30], 

BBOA [23], and PMHRP [20] methods. 

The organisation of this article is as follows. Section I 

presents the related works discussing the resource 

optimisation and routing concepts in 5G. Section II presents 

the discussion of the proposed method using illustrations and 

mathematical derivations. In Section III, the comparative 

analysis using different metrics and methods is presented 

followed by the conclusions and future work in Section IV. 

II. PROPOSED COALITION-BASED ROUTING AND RESOURCE 

OPTIMISATION METHOD 

A. Introduction 

In the evolution of modern communication, fifth-

generation (5G) technology offers high transmission speeds, 

low latency, and supports a variety of features for connected 

devices. In this, a coalition-based routing and resource 

optimisation (CRRO) method is proposed to perform 

cooperative agreements between resource providers and 

communication channels. A diagrammatic illustration of the 

proposed method is given in Fig. 1. 

 
Fig. 1.  Diagrammatic illustration of the proposed CRRO method. 

Due to increased density of the device and interference 

issues, efficient utilisation of radio resources remains a 

challenge in heterogeneous networks. Normal routing and 

resource allocation methods often struggle to optimise 

performance while minimising interference. To address these 

issues, coalition-based strategies have been introduced to 

promote network cooperation. For optimal power allocation 

to improve system performance, the coalition technique in 

wireless communication that optimises resource allocation is 

used [44]. This method improves the use of resources and the 

longevity of communication, which is shown in Algorithm 1. 

A modified deep transfer learning model is incorporated to 

verify and reduce interference that maximises resource 

utilisation and improves the base power efficiency (𝜑𝑏𝑎𝑠𝑒) 

𝜑𝑏𝑎𝑠𝑒 = Ᵽ𝑡𝑟𝑎𝑛𝑠 × ∁𝑔𝑎𝑖𝑛 × (
1

𝑓 × 𝑑
) × (1 − 𝐼𝑖𝑛𝑡𝑒𝑟) × 

 ×  (1 − Ᵽ𝑙𝑜𝑠𝑠) × 𝐵𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒.   (1) 

The power transmission from the base station is denoted as 

Ᵽ𝑡𝑟𝑎𝑛𝑠 with the channel gain as ∁𝑔𝑎𝑖𝑛 to ensure strong signal 

transmission. The transmitted signal will experience a power 

loss when travelling over a distance that is represented as 𝑑, 

and frequency is denoted as 𝑓 where Ᵽ𝑙𝑜𝑠𝑠 ∝ (
1

𝑓×𝑑
). The high 

frequency experiences more loss for longer transmission. The 

interference is represented as 𝐼𝑖𝑛𝑡𝑒𝑟  where high interference 

will reduce effective power transmission. Power loss is 

denoted as Ᵽ𝑙𝑜𝑠𝑠 that reduces the signal strength when it is 

received during communication. The data capacity was 

analysed by the bandwidth allocation and is represented as 

𝐵𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 to manage resources and the allocation process 

during communication. Due to the increased density of the 

device and interference issues, efficient utilisation of radio 

resources remains a challenge in heterogeneous networks. To 

enhance the routing process, the following CRRO method is 

incorporated and is discussed below.  

 
Algorithm 1. Algorithm of coalition-based routing and resource optimisation 

(CRRO). 

1: Initialisation of the essential parameters (Nnoise, Iinter, Precv, Ptrans, 

Cgain). 

2: The initial transmission from Base_station 

3: Transmit power (P_trans) -> Base_station 

4: Determination of signal_quality (Y_qual) 

5: If (y_qual >= N_noise) 

6: Then selection of optimal routing (Y_opt) for transmission takes 

place 

7:  Else 

8:  Check that the interference level lies within the limit 

9:  Check the latency lies between the limits 

10:  Then calculate the routing quality (y_qual) 

11:  Repeat from step 6 

12:  Then the optimal routing selection takes place according to (3) 

13:   If (A_allocate >= min(Y_opt)) 

14:  Allocate resource 

15:  Else 

16:  Compute the allocation demand by each user (K_i) 

17:  Then if (k_i > A_allocate) 

18:  Allocate bandwidth (B_allocate) 

19:  Else 

20:  Check latency and interference 

21:  Then determine total power and update the system 

22:  P_tot = P_trans + P_req and base 

23:  Then compute the effective integration (O_integrate) from (5) 

24:  Calculate the resource utilisation (R_utilise) 

25:  If (R_utilise = R_share) 

26:  Set R_opt = True 

27:  R_allocate <-updated  

28:  Else 

29:  Compute the reintegration of Y_opt using O_integrate 

30:   Check if (O_integrate>Y_opt) 

31:  The final quality-based update takes place 
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32:  Else 

33:  Recompute the essential parameters 

B. Routing and Resource Optimisation 

The emphasis on user fairness and service quality has been 

placed by optimising the resource allocation in device-to-

device (D2D) communication. This led to enhanced resource 

allocation and utilisation in 5G networks compared to other 

algorithms [45]. Therefore, our research incorporates this 

method. In 5G networks, cooperative agreements between 

different entities were promoted by coalition-based routing 

and resource optimisation, which measures resource 

providers and users to maximise resource utilisation and 

minimise interference. Depending upon the real-world 

demands, the service providers cooperation let us to the 

formation of coalition between resource providers and 

allocation channels. By employing energy-efficient resource 

allocation model modifies D2D in 5G networks to enhance 

energy, power, bandwidth, channel allocation, throughput, 

and network data speed while reducing latency. In addition, 

due to coalition formation among D2D users, resource 

allocation is optimised and system performance is improved. 

Thus, the coalition formation technique is applied to this 

work [46]. Coalitions were formed by connecting multiple 

devices in which resources were shared according to their 

individual needs and network conditions. On the basis of the 

network conditions, devices collaborate to allocate and route 

these resources more efficiently rather than competing for 

resources. This leads to better synchronisation and 

communication longevity. The resource-sharing intervals 

were carefully managed to reduce interference, and 

cooperation allows for the optimal distribution of 

communication that is shared in the channels. Deep transfer 

learning is incorporated to monitor interference levels. This 

ensures that resources are allocated and maintains high-

quality communication with minimal disruptions. Hence, this 

method helps improve performance with minimal 

interference and better resource utilisation, leading to 

improved overall network efficiency. From this method, the 

optimisation of routing is computed as 𝑦𝑜𝑝𝑡 in the following: 

          {

𝑦𝑞𝑢𝑎𝑙 =
Ᵽ𝑟𝑒𝑐𝑣

𝑁𝑛𝑜𝑖𝑠𝑒+𝐼𝑖𝑛𝑡𝑒𝑟
,

Ᵽ𝑡𝑜𝑡𝑎𝑙 = Ᵽ𝑡𝑟𝑎𝑛𝑠 − Ᵽ𝑟𝑒𝑐𝑣 ,
𝑦𝑐𝑜𝑛𝑔 = ∃𝑡𝑟𝑎𝑓𝑓𝑖𝑐 + 𝐿𝑙𝑎𝑡𝑒𝑛𝑐𝑦 .

 (2) 

𝑦𝑜𝑝𝑡 = max
Ᵽ
(
𝑦𝑞𝑢𝑎𝑙

𝑦𝑐𝑜𝑛𝑔
) = 

 = max
Ᵽ

(
Ᵽ𝑟𝑒𝑐𝑣

(𝑁𝑛𝑜𝑖𝑠𝑒+𝐼𝑖𝑛𝑡𝑒𝑟)×(∃𝑡𝑟𝑎𝑓𝑓𝑖𝑐+𝐿𝑙𝑎𝑡𝑒𝑛𝑐𝑦)
) × Ᵽ𝑡𝑜𝑡𝑎𝑙. (3) 

The routing quality is determined as 𝑦𝑞𝑢𝑎𝑙 , which depends 

on the received power (Ᵽ𝑟𝑒𝑐𝑣) with noise (𝑁𝑛𝑜𝑖𝑠𝑒) and 

interference (𝐼𝑖𝑛𝑡𝑒𝑟). When 𝑦𝑞𝑢𝑎𝑙 = max (
Ᵽ𝑟𝑒𝑐𝑣

𝑁𝑛𝑜𝑖𝑠𝑒+𝐼𝑖𝑛𝑡𝑒𝑟
), 

better routing quality is assured. In this, 𝑦𝑞𝑢𝑎𝑙 ≥ min𝑁𝑛𝑜𝑖𝑠𝑒 , 

were 𝑦𝑞𝑢𝑎𝑙 ∝
1

𝑁𝑛𝑜𝑖𝑠𝑒
 show strong signals that are required for 

quality routing. The total power is denoted as Ᵽ𝑡𝑜𝑡𝑎𝑙 , which is 

measured by the difference between Ᵽ𝑡𝑟𝑎𝑛𝑠  transmissions 

from received power. This ensures power transmission and 

availability during routing. Congestion that occurs during 

routing is termed as 𝑦𝑐𝑜𝑛𝑔, in which the traffic demand 

(∃𝑡𝑟𝑎𝑓𝑓𝑖𝑐) and latency (𝐿𝑙𝑎𝑡𝑒𝑛𝑐𝑦) are measured 

as ∃𝑡𝑟𝑎𝑓𝑓𝑖𝑐  𝑎𝑛𝑑 𝐿𝑙𝑎𝑡𝑒𝑛𝑐𝑦. These parameters control the 

impact of congestion and ensure efficient routing. The 

optimal routing is achieved as 𝑦𝑜𝑝𝑡 = max
Ᵽ
(
𝑦𝑞𝑢𝑎𝑙

𝑦𝑐𝑜𝑛𝑔
), which is 

used to select the optimal path for transmission. This balances 

signal quality and congestion to improve efficient data 

transmission. As a result, this ensures that high-quality 

communication is obtained with minimum congestion to 

maximise the efficiency of the network. The following 

equation 𝐴𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒  formulates the allocation of resources in 

the network 

            𝐴𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 = min Ᵽ𝑡𝑜𝑡𝑎𝑙 × ∑ (𝐾𝑖 × log (1 +
𝑛
𝑖=1

                         +  
Ᵽ𝑡𝑟𝑎𝑛𝑠,𝑖×∁𝑔𝑎𝑖𝑛,𝑖

𝑁𝑛𝑜𝑖𝑠𝑒+𝐼𝑖𝑛𝑡𝑒𝑟
)) ≥ min(𝑦𝑜𝑝𝑡).    (4) 

The above equation minimises total power with various 

factors to enhance resource allocation, where 𝑛 represents the 

total number of users. The allocation demand of each user is 

represented as 𝐾𝑖. The term log (1 +
Ᵽ𝑡𝑟𝑎𝑛𝑠,𝑖×∁𝑔𝑎𝑖𝑛,𝑖

𝑁𝑛𝑜𝑖𝑠𝑒+𝐼𝑖𝑛𝑡𝑒𝑟
) measures 

the relationship between power and channel gain received by 

the user for interference level. This ensures the handling 

capacity of the network based on the user’s demands. The 

optimal resource allocation relies on  (𝑦𝑞𝑢𝑎𝑙 ≥ 𝑁𝑛𝑜𝑖𝑠𝑒) 

and (𝐴𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 ≥ 𝑚𝑖𝑛(𝑦𝑜𝑝𝑡)) condition satisfactions. The 

 𝑃𝑡𝑟𝑎𝑛𝑠 and  𝑃𝑟𝑒𝑞  are differentiated by  𝑁𝑛𝑜𝑖𝑠𝑒 and  𝐼𝑖𝑛𝑡𝑒𝑟  as the 

 𝑑 separates the base station and  𝑛. The final quality-based 

update is the  𝑃𝑡𝑜𝑡𝑎𝑙 = (𝑃𝑡𝑟𝑎𝑛𝑠 + 𝑃𝑟𝑒𝑞) and  𝜓𝑏𝑎𝑠𝑒  that aids in 

similar  𝐵𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒  and  𝐶𝑔𝑎𝑖𝑛  through  𝑌𝑜𝑝𝑡 . However, the 

failing cases require  𝐼𝑖𝑛𝑡𝑒𝑟  and  𝐾𝑖  estimation to verify 

communication latency and  𝐵𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 ,  𝐾𝑖 satisfaction, and 

 ∃𝑡𝑟𝑎𝑓𝑓𝑖𝑐 update along the  𝑃𝑡𝑜𝑡𝑎𝑙 . Depending on the 𝑃𝑡𝑜𝑡𝑎𝑙, 

the  𝜓𝑏𝑎𝑠𝑒  efficiency is estimated and further selection is 

performed. This 𝐴𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 ≥ min(𝑦𝑜𝑝𝑡) enhances resource 

allocation (𝐴𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒) and achieves throughput with minimum 

routing. This equation measures the need to balance efficient 

power transmission for the optimum allocation of resources 

based on user demand. Effective resource utilisation is 

achieved by effective integration that is expressed as 

𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒  in the following equation 

 𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒 = ∑ (∁𝑔𝑎𝑖𝑛 + Ᵽ𝑡𝑟𝑎𝑛𝑠 + 𝐵𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒) × (Ᵽ𝑙𝑜𝑠𝑠 −
𝑛
𝑖=1

    −  𝑁𝑛𝑜𝑖𝑠𝑒) ≥ 𝑦𝑜𝑝𝑡 .                           (5) 

Here, the integration of resources is obtained by 

incorporating channel gain, power transmission, and 

bandwidth. This evaluates the efficiency of integration in the 

network. The term (Ᵽ𝑙𝑜𝑠𝑠 − 𝑁𝑛𝑜𝑖𝑠𝑒) measures the impact of 

loss that occurred based on noise in the signal. The value of 

𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒 ≥ 𝑦𝑜𝑝𝑡 ensures that the integration satisfies the 

routing process for reliable communication. A high value of 

𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒  indicate better system performance with 

integration. This equation ensures optimal communication 

with optimal integration in the network. From this allocation 

and integration, the following equation 𝑅𝑜𝑝𝑡 formulates 

resource optimisation: 
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{
 
 

 
 𝑅𝑖𝑛𝑖𝑡𝑖𝑎𝑙 = 𝐵𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 × (1 + Ᵽ𝑡𝑟𝑎𝑛𝑠) ×

∁𝑔𝑎𝑖𝑛

𝑁𝑛𝑜𝑖𝑠𝑒
,

𝑅𝑢𝑡𝑖𝑙𝑖𝑠𝑒 =
𝑛

𝐾𝑖
+ 𝑅𝑠ℎ𝑎𝑟𝑒 ,

𝑅𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 = (𝑅𝑖𝑛𝑖𝑡𝑖𝑎𝑙 × 𝑅𝑢𝑡𝑖𝑙𝑖𝑠𝑒) − 𝐼𝑖𝑛𝑡𝑒𝑟 .

 (6) 

𝑅𝑜𝑝𝑡 = max𝑅𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 +∑ Ᵽ𝑖
𝑛

𝑖=1
≤ Ᵽ𝑚𝑎𝑥 + 

 +∑ 𝐵𝑖 ≤ 𝐵𝑚𝑎𝑥
𝑛
𝑖=1 × (𝐴𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 + 𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒).    (7) 

In (6), the term 𝑅𝑖𝑛𝑖𝑡𝑖𝑎𝑙  measures the initial resource 

formation, which includes bandwidth and power 

transmission. The term (
∁𝑔𝑎𝑖𝑛

𝑁𝑛𝑜𝑖𝑠𝑒
) ensures the channel gain with 

the noise in the signal. This captures the effective resource 

formation by the network to the user. To maximise system 

throughput and to minimise latency, coalition in wireless 

communication optimise resource utilisation by making D2D 

users allocate resources [47], [48]. Henceforth, resource 

utilisation is measured by the term 𝑅𝑢𝑡𝑖𝑙𝑖𝑠𝑒  with several users 

by their demand for the resource. This is then combined with 

𝑅𝑠ℎ𝑎𝑟𝑒, which is denoted as resource sharing. This improves 

resource utilisation according to demand and improves 

overall performance. The term 𝑅𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒  computes the 

allocation of resources by combining (𝑅𝑖𝑛𝑖𝑡𝑖𝑎𝑙 × 𝑅𝑢𝑡𝑖𝑙𝑖𝑠𝑒) and 

differentiates with the interference to ensure optimal 

allocation. The power and bandwidth allocation for 

individual devices are represented as Ᵽ𝑖 and 𝐵𝑖 , respectively, 

along with their corresponding maximum values as Ᵽ𝑚𝑎𝑥  and 

𝐵𝑚𝑎𝑥 . The optimisation maximises the allocation with Ᵽ𝑖 ≤
Ᵽ𝑚𝑎𝑥  and 𝐵𝑖 ≤ 𝐵𝑚𝑎𝑥 to utilise resources with power and 

bandwidth constraints. This reduces latency by improving 

resource sharing and network performance. Constraint 

identification is the tedious process of handling  𝐾𝑖 for 

multiple allocation intervals. The  𝑃𝑡𝑟𝑎𝑛𝑠 for  𝐴𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 relies 

on  𝑑 and  𝑁𝑛𝑜𝑖𝑠𝑒 experienced before and after 𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒 . If 

 𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒 the ratio increases, the  𝑦𝑞𝑢𝑎𝑙  and its associated 

constraints also increase. Depending on the available, 

intervals  (𝑓, 𝐵𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 , 𝑎𝑛𝑑 𝑅𝑖𝑛𝑖𝑡𝑖𝑎𝑙) are assigned. 

Considering the optimal condition of  (𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒 ≥ 𝑌𝑜𝑝𝑡), 

the  𝑅𝑢𝑡𝑖𝑙𝑖𝑠𝑒  is verified. In this case, if  (𝑅𝑢𝑡𝑖𝑙𝑖𝑠𝑒 = 𝑅𝑠ℎ𝑎𝑟𝑒), 
then  𝑅𝑜𝑝𝑡 = 𝑡𝑟𝑢𝑒  and further  𝑅𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 is pursued. In these 

consecutive intervals, the  𝑅𝑜𝑝𝑡 is eased through (𝐾1 to 𝐾𝑖)  

demand suppression for  𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒 under  𝐼𝑖𝑛𝑡𝑒𝑟  less routing. 

The constraints of  𝑦𝑜𝑝𝑡  are identified for  (𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒 ≤

𝑦𝑜𝑝𝑡) and this can be due to  𝑁𝑛𝑜𝑖𝑠𝑒 or  𝐼𝑖𝑛𝑡𝑒𝑟  that requires  𝑓 

with  𝐵𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 . Therefore, identifying these constraints is 

prominent to reduce the interference from any  𝐾𝑖.  
Important network parameters, such as user count, 

transmission power, bandwidth, and noise level, must be 

taken into account to initiate the CRRO algorithm. When 

evaluating the received signal power in conjunction with 

noise interference, the routing quality (𝑦𝑞𝑢𝑎𝑙) is calculated. 

The selection of the best path, congestion control, and 

maintenance of signal quality are achieved through optimised 

routing (𝑦𝑜𝑝𝑡). Furthermore, the algorithm ensures minimal 

interference by allocating resources (𝐴𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒) based on 

network conditions and user needs. Incorporating factors, 

such as channel gain, bandwidth, power transmission, and 

resource integration (𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒), enhances overall 

performance. For better resource allocation router efficiency 

and maximum network longevity, the coalition technique in 

the CGHR protocol is introduced [49]. Consequently, 

resource allocation (𝑅𝑜𝑝𝑡) and network output optimisation 

significantly improve the longevity and efficiency of 

communication. 

Deep transfer learning is incorporated to optimise low-

interference routing and high device integration for 

communication longevity, which is discussed below. 

C. Deep Transfer Learning 

Deep learning for radio resource allocation in 5G networks 

is used to optimise bandwidth and transmit power [50]. In the 

same way, in coalition-based 5G networks, deep transfer 

learning is integrated to optimise low-interference routing 

and high device integration for communication longevity. It 

can continuously learn from new data. This helps to adapt to 

a network condition that changes with varying interference 

levels, user density, and resource availability to ensure 

optimal performance. Initially, it identifies interference 

patterns by transferring knowledge from similar networks and 

trained on large datasets to capture various conditions, 

including different signal strengths and interference sources. 

Once trained, it can predict and detect potential interference 

zones based on the current state of the network. This can also 

reroute communication through less congested channels, 

minimising signal degradation 𝑦𝑐𝑜𝑛𝑔 = ∃𝑡𝑟𝑎𝑓𝑓𝑖𝑐 + 𝐿𝑙𝑎𝑡𝑒𝑛𝑐𝑦  

for efficient data transmission. This also helps to decide, 

which coalition of devices should share resources. Dynamic 

routing decisions were enabled as 𝑦𝑜𝑝𝑡 = max
Ᵽ
(
𝑦𝑞𝑢𝑎𝑙

𝑦𝑐𝑜𝑛𝑔
) based 

on gained knowledge of similar network topologies and 

traffic conditions. 5G networks consist of highly 

heterogeneous devices with varying communication needs. 

This model can optimise routes (𝑦𝑜𝑝𝑡 + 𝑅𝑜𝑝𝑡) and find 

efficient device clusters and routes that maintain low 

interference by learning. The integration of multiple devices 

results in timing and synchronisation challenges when trying 

to maintain long-term stable connections. This model solves 

this by learning the patterns of device behaviour over time 

and communication over time with the network. This predicts 

and optimises synchronisation intervals for resource sharing 

to avoid communication collisions and improve longevity. 

Thus, deep transfer learning not only reduces interference, 

but also maximises the longevity and stability of 

communication over sessions. From this, the following 

equation 𝑎𝐷𝑇𝐿 formulates the process of DTL: 

 

{
 
 

 
 𝑎𝑡𝑟𝑎𝑖𝑛 = ∅(𝐼𝑖𝑛𝑡𝑒𝑟

𝑙𝑜𝑤 , 𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒
ℎ𝑖𝑔ℎ

).

𝑎𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 = ∅(𝐼𝑖𝑛𝑡𝑒𝑟 , 𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒) → 𝑎𝑡𝑟𝑎𝑖𝑛
𝑤ℎ𝑒𝑟𝑒

𝑎𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 = 𝑎𝑡𝑟𝑎𝑖𝑛 − (𝑦𝑜𝑝𝑡 + 𝑅𝑜𝑝𝑡).

,            (8) 

𝑎𝐷𝑇𝐿 = 

= {

min
𝑎𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟

(𝑎𝑡𝑟𝑎𝑖𝑛 , 𝑎𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟) ,

min
𝑎𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟

(𝐼𝑖𝑛𝑡𝑒𝑟
𝑙𝑜𝑤 + 𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒

ℎ𝑖𝑔ℎ
) + |

𝑎𝑡𝑟𝑎𝑖𝑛 −

−(𝑦𝑜𝑝𝑡 + 𝑅𝑜𝑝𝑡)
|
2

.
 (9) 

The learning model (𝑎𝐷𝑇𝐿) is trained to obtain low 

interference with high integration and is represented as 

𝐼𝑖𝑛𝑡𝑒𝑟
𝑙𝑜𝑤  𝑎𝑛𝑑 𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒

ℎ𝑖𝑔ℎ
 in the function  ∅. The training of the 
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model is represented as 𝑎𝑡𝑟𝑎𝑖𝑛 that predicts the output. This 

trains the model with the information obtained from the 

previous datasets. The transfer of learning is defined as 

𝑎𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟  that integrates ∅(𝐼𝑖𝑛𝑡𝑒𝑟 , 𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒) → 𝑎𝑡𝑟𝑎𝑖𝑛  the 

interference and integration. It identifies interference patterns 

by transferring knowledge from similar networks and trained 

on large datasets. The term 𝑎𝑡𝑟𝑎𝑖𝑛 − (𝑦𝑜𝑝𝑡 + 𝑅𝑜𝑝𝑡) can 

optimise routes and find efficient device clusters and routes 

𝑅𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 ≥ 𝑦𝑜𝑝𝑡  that maintain low interference by learning. 

Once trained, it can predict and detect potential interference 

based on 𝑅𝑜𝑝𝑡 → Ᵽ𝑖 ≤ Ᵽ𝑚𝑎𝑥 the current state of the network. 

The final deep transfer learning is achieved by minimizing 

𝑎𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟  with the interference and integration as 

𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒 ≥ 𝑦𝑜𝑝𝑡 in the network for the prolonged network. 

This 𝑦𝑜𝑝𝑡 = max
Ᵽ
(
𝑦𝑞𝑢𝑎𝑙

𝑦𝑐𝑜𝑛𝑔
) avoids overfitting of resources and 

ensures effective transfer of learning from the source. This 

model uses  𝛼𝐷𝑇𝐿 and  𝛼𝑡𝑟𝑎𝑖𝑛 to perform 𝛼𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟  to ensure 

 𝜙 identifies 𝑦𝑜𝑝𝑡. The  𝑅𝑖𝑛𝑖𝑡𝑖𝑎𝑙 is the sharing-initiated interval 

for  𝐾𝑖  such that  𝑅𝑢𝑡𝑖𝑙𝑖𝑠𝑒  is required to be high. If the 

utilisation is high, then 𝑅𝑜𝑝𝑡 is valid, from which  𝐼𝑖𝑛𝑡𝑒𝑟
𝑙𝑜𝑤  and 

 𝐼𝑖𝑛𝑡𝑒𝑟
ℎ𝑖𝑔ℎ

 are classified. This classification follows  [𝐴𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 ≥

𝑚𝑖𝑛 (𝑦𝑜𝑝𝑡)],  (𝑅𝑜𝑝𝑡 → 𝑃𝑖 ≤ 𝑃𝑚𝑎𝑥), and  (𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒 ≥ 𝑦𝑜𝑝𝑡) 

conditions to define  𝜙. This turns out to be the verification 

condition, the  𝛼𝑡𝑟𝑎𝑖𝑛 is the preknowledge gained scenario, 

where  𝐵𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 and  𝐴𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 are balanced under  𝐼𝑖𝑛𝑡𝑒𝑟
𝑙𝑜𝑤 . 

Therefore,  𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒 is the defining constraint for  𝑦𝑜𝑝𝑡 and 

 𝛼𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟  that retains the same. Now,  𝜙(𝐼𝑖𝑛𝑡𝑒𝑟 , 𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒) 

are fused to identify multiple  𝑦𝑜𝑝𝑡 solutions (without 𝑁𝑛𝑜𝑖𝑠𝑒) 

to maximise the training using 𝑅𝑢𝑡𝑖𝑙𝑖𝑠𝑒 . Thus, the DTL 

process integrates various allocation and utilisation 

constraints to reduce its impact over 𝑦𝑜𝑝𝑡 . From this DTL, the 

following equation formulates how the low interference 𝐼𝑖𝑛𝑡𝑒𝑟
𝑙𝑜𝑤  

is achieved 

 

{
 

 
𝑆𝐼𝑁𝑅𝑖 = (Ᵽ𝑖 × ∁𝑔𝑎𝑖𝑛) − (𝑁𝑛𝑜𝑖𝑠𝑒 + 𝐼𝑖𝑛𝑡𝑒𝑟),

𝐼𝑖𝑛𝑡𝑒𝑟 = ∑ (
(Ᵽ𝑖×∁𝑔𝑎𝑖𝑛)

𝑆𝐼𝑁𝑅𝑖
)𝑛

𝑖=1 − 𝑁𝑛𝑜𝑖𝑠𝑒 ,

𝑅𝑖 = 𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒 + 𝑅𝑜𝑝𝑡 .

 (10) 

𝐼𝑖𝑛𝑡𝑒𝑟
𝑙𝑜𝑤 = min

𝑎𝐷𝑇𝐿
𝐼𝑖𝑛𝑡𝑒𝑟 +∑ (𝑆𝐼𝑁𝑅𝑖 × 𝐼𝑖𝑛𝑡𝑒𝑟 × 𝑅𝑖)

𝑛

𝑖=1
+ 

 +(
1

𝑑2
−       −𝑁𝑛𝑜𝑖𝑠𝑒) + 𝑅𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 × Ᵽ𝑡𝑟𝑎𝑛𝑠 (11) 

In the above equation, 𝑆𝐼𝑁𝑅𝑖 is the signal-to-interference 

with noise ratio that measures the quality of data transfer in 

the network. This helps to identify how interference affects 

the quality of the signal. The term 𝐼𝑖𝑛𝑡𝑒𝑟 =

∑ (
(Ᵽ𝑖×∁𝑔𝑎𝑖𝑛)

𝑆𝐼𝑁𝑅𝑖
)𝑛

𝑖=1 − 𝑁𝑛𝑜𝑖𝑠𝑒  measures the relationship between 

power and channel gain with 𝑆𝐼𝑁𝑅𝑖 . To maintain reliable 

communication 𝑆𝐼𝑁𝑅𝑖 ≥ 𝑆𝐼𝑁𝑅𝑚𝑖𝑛 and  Ᵽ𝑖 ≤ Ᵽ𝑚𝑎𝑥. This 

maintains the interference level to obtain a strong signal, 

which improves prolonged user experience. The allocation of 

individual resources to the user is termed as 𝑅𝑖 that includes 

integration and optimisation of the resources. The condition 

 𝐼𝑖𝑛𝑡𝑒𝑟
𝑙𝑜𝑤 ∝

1

𝑑2
 with  𝑑𝑖 ≥ 𝑑𝑚𝑖𝑛  shows the interference increases 

with a decrease in distance that affects the quality of the 

signal for near than far locations. This 𝐼𝑖𝑛𝑡𝑒𝑟
𝑙𝑜𝑤  ensures that the 

network minimises its interference by deep transfer learning 

and resource allocation. This helps to improve signal quality 

by optimising resources to ensure efficient data transfer in the 

network. This improves the reliability and performance of the 

network. The following equation 𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒
ℎ𝑖𝑔ℎ

 formulates the 

high integration: 

 

{
 
 

 
 𝐻𝑡ℎ𝑟−𝑝𝑢𝑡 = 𝐵𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 × log (1 +

Ᵽ𝑡𝑟𝑎𝑛𝑠,𝑖×∁𝑔𝑎𝑖𝑛,𝑖

𝑁𝑛𝑜𝑖𝑠𝑒+𝐼𝑖𝑛𝑡𝑒𝑟
) ,

𝑅𝑖(𝐻𝑡ℎ𝑟−𝑝𝑢𝑡) = ∑
1

𝐾𝑖

𝑛
𝑖=1 × (1 + Ᵽ𝑡𝑟𝑎𝑛𝑠) + 𝑅𝑠ℎ𝑎𝑟𝑒

𝑅𝑠ℎ𝑎𝑟𝑒 =
𝑅𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒+𝐼𝑖𝑛𝑡𝑒𝑟

𝑅𝑢𝑡𝑖𝑙𝑖𝑠𝑒
.

, (12) 

𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒
ℎ𝑖𝑔ℎ

= max
𝑎𝐷𝑇𝐿

𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒 + (𝐻𝑡ℎ𝑟−𝑝𝑢𝑡 × 𝑅𝑖(𝐻𝑡ℎ𝑟−𝑝𝑢𝑡) ×

× 𝑅𝑠ℎ𝑎𝑟𝑒) + 𝑅𝑜𝑝𝑡 ,                       (13) 

where, 𝐻𝑡ℎ𝑟−𝑝𝑢𝑡 denotes the throughput for the user, which 

depends on bandwidth. This incorporates interference and 

noise to measure the relationship for resources. The term 

𝑅𝑖(𝐻𝑡ℎ𝑟−𝑝𝑢𝑡) indicates the resource for individual users 

based on the throughput condition. This incorporates the 

demand and resources that are shared to handle data 

processing in the network. Maximising 𝑅𝑖(𝐻𝑡ℎ𝑟−𝑝𝑢𝑡) →

max𝑅𝑖(𝐻𝑡ℎ𝑟−𝑝𝑢𝑡) also enhance high integration. The shared 

resource is calculated using the formula 𝑅𝑠ℎ𝑎𝑟𝑒 =
𝑅𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒+𝐼𝑖𝑛𝑡𝑒𝑟

𝑅𝑢𝑡𝑖𝑙𝑖𝑠𝑒
, where 𝑅𝑠ℎ𝑎𝑟𝑒 ∝

1

𝑅𝑢𝑡𝑖𝑙𝑖𝑠𝑒
, indicating that sharing 

increases as utilisation decreases. The longevity-satisfying 

condition is validated as  ∑ 𝑅𝑖 = 𝑅𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒  and  𝑦𝑜𝑝𝑡 =

𝑅𝑢𝑡𝑖𝑙𝑖𝑠𝑒  to maximise 𝐶𝑔𝑎𝑖𝑛. Traditional methods, which often 

depend on static algorithms, tend to struggle with fluctuating 

network conditions. In contrast, the modified deep transfer 

learning (DTL) approach excels in dynamically adapting to 

these changes through insights gained from previous network 

states. DTL not only enhances accuracy, but also improves 

efficiency in managing interference by continually 

optimising routing decisions and forecasting interference 

patterns. This ensures more adaptable real-time solutions 

tailored to evolving network demands. 

The DTL process is validated using  𝛼𝑡𝑟𝑎𝑖𝑛 and  𝛼𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 

to maximise the  𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒 under  𝐼𝑖𝑛𝑡𝑒𝑟
𝑙𝑜𝑤 . These two 

conditions are validated through  𝜙 optimised outcomes for 

 𝐴𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒. In this assessment process,  𝑦𝑜𝑝𝑡 is the target 

condition that is to be achieved for  𝑅𝑖𝑛𝑖𝑡𝑖𝑎𝑙  and  𝑅𝑜𝑝𝑡, for 

which  𝛼𝑡𝑟𝑎𝑖𝑛 is pursued. Therefore, the training is induced 

for low  𝑁𝑛𝑜𝑖𝑠𝑒  and new resource allocation. The longevity for 

 𝑦𝑜𝑝𝑡 is improved from the  𝛼𝑡𝑟𝑎𝑖𝑛 and new  𝛼𝐷𝑇𝐿 processes 

allocated to maximise  𝑅𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 and  𝑅𝑢𝑡𝑖𝑙𝑖𝑠𝑒. High 

integration is obtained by maximising the integration factors 

like throughput, resource sharing, and optimisation of 

resources in the network with the help of deep transfer 

learning. This ensures that the network integrates its 

resources efficiently with minimum interference. From this 

high integration and low interference, the longevity of the 

network is achieved and expressed as 𝐿𝑙𝑜𝑛𝑔 in the following 

equation: 
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{
 
 

 
 𝐸𝑖 = (

𝐻𝑡ℎ𝑟−𝑝𝑢𝑡×𝑁𝑛𝑜𝑖𝑠𝑒

Ᵽ𝑡𝑟𝑎𝑛𝑠(1+𝐼𝑖𝑛𝑡𝑒𝑟)
) ,

𝐿𝑛𝑒𝑡 = 𝐸𝑖 × (𝑎𝐷𝑇𝐿),

𝐿𝑙𝑜𝑛𝑔 = max
𝑎𝐷𝑇𝐿

𝐿𝑛𝑒𝑡 (𝐼𝑖𝑛𝑡𝑒𝑟
𝑙𝑜𝑤 + 𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒

ℎ𝑖𝑔ℎ
)

× (𝑅𝑜𝑝𝑡 × 𝑦𝑜𝑝𝑡).

 (14) 

The efficiency of the network is computed as 𝐸𝑖, which 

incorporates the factors that affect the longevity of the 

network. The term 𝐸𝑖 = (1 +
𝐼𝑖𝑛𝑡𝑒𝑟

𝐼𝑖𝑛𝑡𝑒𝑟
) captures efficiency 

based on the noise and interference that the network transfers 

during transmission. The longevity of the network is denoted 

as 𝐿𝑛𝑒𝑡  is computed with the help of deep transfer learning 

and efficiency. The overall longevity for the user is achieved 

by 𝐸𝑖 ∝  𝐿𝑛𝑒𝑡 to maximise the network longevity along with 

𝑎𝐷𝑇𝐿. This is obtained by the incorporation of low 

interference and high integrity with the optimisation of 

resources and 𝑦𝑜𝑝𝑡 ≥ 𝑦𝑚𝑎𝑥 routing. Thus, 𝑎𝐷𝑇𝐿 predicts and 

optimises synchronisation intervals for resource sharing to 

avoid communication collisions and enhance longevity. This 

optimises low-interference routing and high device 

integration for communication longevity. However, this 

addresses critical challenges between devices and optimises 

routing to improve the longevity and performance of the 

network. 

Using deep transfer learning, the proposed method excels 

in adapting to the evolving demands of 5G networks. It 

integrates pretrained insights with real-time adjustments to 

optimise resource allocation, maintain synchronisation, and 

enhance communication efficiency. 

III. PERFORMANCE ASSESSMENT 

A. Experimental Setup 

A network model similar to Fig. 1 is created in a simulation 

area of 1000 m × 500 m with 300 communicating devices. In 

this region, 11 base stations are used to handle 30 microcells 

with 6–10 devices/cell. The BS communication range is set at 

500 m with an operating frequency of 3.7 GHz and 150 MHz. 

The transmit power of the BS is 0 W to 2.1 W and the noise 

power is -82 dBm. The number of intervals per 

user/bandwidth allocation is set to a maximum of 10 with a 

base latency of 0.15 ms. This setup creates a realistic testing 

environment for evaluating the coalition-based routing and 

resource optimisation (CRRO) method. This setup allows for 

the evaluation of the method performance in densely 

populated large networks with varying device counts and 

communication intervals. By doing so, it effectively verifies 

the scalability and efficiency of the CRRO method under 

demanding and dynamic conditions. 

B. Comparative Analysis 

Using the experimental setup described above, the 

proposed method is verified using metrics of resource 

allocation, utilisation, path loss, latency, and routing 

longevity. The variants are communicating devices (10 to 

180) and intervals (1 to 10). The above metrics are compared 

with the existing methods TFACR [30], BBOA [23], and 

PMHRP [20] to verify the efficiency of the proposed method. 

− Resource Allocation 

The proposed CRRO method maintains low latency as the 

number of communicating devices and their intervals 

increase. When the number of devices increases, the system 

allocates resources to maintain optimal communication. For 

example, when a maximum number of devices are 

communicating, the method ensures high resource allocation. 

This is achieved by allocating resources 𝑅𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 =
(𝑅𝑖𝑛𝑖𝑡𝑖𝑎𝑙 × 𝑅𝑢𝑡𝑖𝑙𝑖𝑠𝑒) − 𝐼𝑖𝑛𝑡𝑒𝑟  during every interval by 

prioritising shared resources like bandwidth and channels. 

This 𝑦𝑐𝑜𝑛𝑔 = ∃𝑡𝑟𝑎𝑓𝑓𝑖𝑐 + 𝐿𝑙𝑎𝑡𝑒𝑛𝑐𝑦  ensures an equal share of 

bandwidth without causing congestion. In deep transfer 

learning, 𝑅𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 ≥ 𝑦𝑜𝑝𝑡  that maintains low interference. 

Resource allocation remains high even during an increase in 

device density. Overloading in the network was efficiently 

managed and prevented by incorporating the proposed 

method. The allocation changes based on the demand 

𝑅𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 =
𝑅𝑠ℎ𝑎𝑟𝑒×𝑅𝑢𝑡𝑖𝑙𝑖𝑠𝑒

𝐼𝑖𝑛𝑡𝑒𝑟
 ensures the resources are 

distributed evenly without degradation. With the help of this 

method the performance of the network and device 

communication is enhanced (Fig. 2). 

 

 
Fig. 2.  Experimental results of resource allocation. 

The resource allocation and delay graphs display a 

characteristic sawtooth pattern, reflecting the periodic 

adjustments made by the CRRO method. To ensure optimal 

communication, the system dynamically modifies resource 

allocation based on the number of active devices and traffic 

demands. When device activity or traffic is high, more 

resources are allocated, and when demand decreases, fewer 

resources are distributed. These distinct incremental changes 

create the oscillations observed in the graphs. 

This behaviour plays a crucial role in maintaining effective 

network performance, preventing congestion, and ensuring 
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low latency. However, it also results in recurring variations in 

both resource allocation and latency metrics due to 

continuous adjustments. 

− Resource Utilisation 

The utilisation of resources in the network is based on the 

number of communicating devices with their intervals and 

refers to how much of the available bandwidth, and power 

Ᵽ𝑖 ≤ Ᵽ𝑚𝑎𝑥  and 𝐵𝑖 ≤ 𝐵𝑚𝑎𝑥 are actively used for 

communication. The proposed CRRO method ensures high 

resource utilisation 𝑅𝑢𝑡𝑖𝑙𝑖𝑠𝑒 =
𝑛

𝐾𝑖
+ 𝑅𝑠ℎ𝑎𝑟𝑒 when more devices 

communicate with minimal wastage of resources. This 

𝑅𝑢𝑡𝑖𝑙𝑖𝑠𝑒 = 𝐵𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 × (
1

𝑓×𝑑
) process that the available 

resources like bandwidth and channel frequencies are utilised 

efficiently. For example, when more devices are 

communicating, this method shows that resource utilisation 

remains high 𝑅𝑜𝑝𝑡 → Ᵽ𝑖 ≤ Ᵽ𝑚𝑎𝑥  across all intervals. This 

𝑅𝑢𝑡𝑖𝑙𝑖𝑠𝑒 =
𝑅𝑖𝑛𝑖𝑡𝑖𝑎𝑙

𝑅𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒
 indicates that the CRRO method can adjust 

to make the most of available resources without over-

utilisation. The system operates 𝑅𝑜𝑝𝑡 efficiently when the 

number of devices increases, to avoid resource waste or 

underutilisation of resources (Fig. 3).  

 

 
Fig. 3.  Experimental results of resource utilisation. 

− Path Loss 

In our simulations, the term “interval” refers to the discrete 

time periods during which resources are allocated and 

adjusted throughout the network. These intervals represent 

specific moments when the system assesses communication 

requirements, redistributes resources, such as bandwidth and 

channels, and evaluates their impact on latency and device 

performance. The duration of these intervals is carefully 

chosen in the simulation setup to strike a balance between 

operational efficiency and system responsiveness. 

Path loss refers to the reduction in signal strength and 

power loss when the data are transmitted from the transmitter 

to the receiver. The proposed CRRO method ensures less path 

loss for the number of communicating devices with their 

intervals. The computation of 𝑦𝑜𝑝𝑡 = max
Ᵽ
(
𝑦𝑞𝑢𝑎𝑙

𝑦𝑐𝑜𝑛𝑔
) selects the 

optimal path for transmission. This 𝑦𝑐𝑜𝑛𝑔 = ∃𝑡𝑟𝑎𝑓𝑓𝑖𝑐 + 

ensures that the path loss is minimized even when the number 

of devices increases. This 𝐴𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 ≥ min(𝑦𝑜𝑝𝑡) enhances 

resource allocation and achieves throughput as 𝐻𝑡ℎ𝑟−𝑝𝑢𝑡 with 

minimum routing. For example, the system with the 

maximum number of devices results in less path loss across 

all intervals due to interference-less routing by the CRRO 

method. The method ensures better communication quality as 

𝑦𝑞𝑢𝑎𝑙 =
Ᵽ𝑟𝑒𝑐𝑣

𝑁𝑛𝑜𝑖𝑠𝑒+𝐼𝑖𝑛𝑡𝑒𝑟
 and longevity by 𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒 ≥ 𝑦𝑜𝑝𝑡   

optimising the transmission path and interferences. This 

enhances the ability of the network to maintain long 

transmissions that contribute to effective communication 

longevity (Fig. 4).  

 

 
Fig. 4.  Experimental results for path loss. 

− Latency 

The time when the delay occurs in communication between 

devices is measured as 𝐿𝑙𝑎𝑡𝑒𝑛𝑐𝑦 = 𝑦𝑐𝑜𝑛𝑔 − ∃𝑡𝑟𝑎𝑓𝑓𝑖𝑐  during 

data transmission. The proposed CRRO method maintains 

low latency when the number of communicating devices 

increases with their intervals. This works by optimising 

routing paths as 𝑦𝑜𝑝𝑡  and 𝐴𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑒 resource allocation. The 
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model shows low latency across all intervals even when 

𝑦𝑞𝑢𝑎𝑙 ≥ min𝑁𝑛𝑜𝑖𝑠𝑒  and 𝑦𝑞𝑢𝑎𝑙 ∝
1

𝑁𝑛𝑜𝑖𝑠𝑒
 the network handles a 

larger number of devices. This is ensured by the proposed 

method, which minimises the time it takes to travel between 

devices. The CRRO method adjusts 𝐼𝑖𝑛𝑡𝑒𝑟
𝑙𝑜𝑤 ∝

1

𝑑2
 with 𝑑𝑖 ≥

𝑑𝑚𝑖𝑛  according to the resource availability when the density 

of the device increases to avoid delays. The congestion is 

reduced 𝑦𝑐𝑜𝑛𝑔 = ∃𝑡𝑟𝑎𝑓𝑓𝑖𝑐 + 𝐿𝑙𝑎𝑡𝑒𝑛𝑐𝑦  to improve data 

transmission during routing. This ensures that the system 

maintains low latency with quick and efficient 

communication between devices (Fig. 5).  

 

 
Fig. 5.  Experimental results for latency. 

− Routing Longevity 

Communication is maintained over time without frequent 

disruptions 𝐿𝑛𝑒𝑡 = 𝐸𝑖 × (𝑎𝐷𝑇𝐿) in the network. The proposed 

CRRO method ensures high routing longevity across 

different intervals with several devices. This is achieved by  

𝐿𝑙𝑜𝑛𝑔 = max
𝑎𝐷𝑇𝐿

𝐿𝑛𝑒𝑡 (𝐼𝑖𝑛𝑡𝑒𝑟
𝑙𝑜𝑤 + 𝑂𝑖𝑛𝑡𝑒𝑔𝑟𝑎𝑡𝑒

ℎ𝑖𝑔ℎ
) × (𝑅𝑜𝑝𝑡 × 𝑦𝑜𝑝𝑡) (15) 

optimising resource allocation and minimizing interference. 

High routing longevity is established 𝑦𝑜𝑝𝑡 ≥ 𝑦𝑚𝑎𝑥 when a 

high number of devices are communicating for longer 

periods. The overall longevity of the user is achieved by 𝐸𝑖 ∝
 𝐿𝑛𝑒𝑡  and leads to more stable communication channels. In 5G 

networks, it is essential to maintain high routing longevity 

𝐸𝑖 = (
𝐻𝑡ℎ𝑟−𝑝𝑢𝑡×𝑁𝑛𝑜𝑖𝑠𝑒

Ᵽ𝑡𝑟𝑎𝑛𝑠(1+𝐼𝑖𝑛𝑡𝑒𝑟)
) for long-term communication 

stability. This enhances high performance during data 

transmission. Thus, 𝑎𝐷𝑇𝐿 predicts and optimises 

synchronisation intervals for resource sharing to avoid 

communication collisions and enhance longevity (Fig. 6). 

 

 
Fig. 6.  Experimental results for routing longevity. 

C. Summary 

The summary is presented in Tables I and II for the results 

obtained above. These results are tabulated for the maximum 

communicating devices and intervals, respectively. 

TABLE I. RESULT FOR THE MAXIMUM COMMUNICATING 

DEVICES. 

Metrics TFACR BBOA PMHRP CRRO 

Resource Allocation 0.916 0.937 0.960 0.9687 

Resource Utilisation 0.899 0.916 0.922 0.929 

Avg. Path Loss (dB) 88.73 87.21 86.13 85.205 

Latency (ms) 340.98 287.17 204.18 103.019 

Routing Longevity (%) 28.7 32.55 40.83 47.512 

 

The proposed CRRO improves resource allocation, 

utilisation, and routing longevity by 9.31 %, 10.31 %, and 

13.49 %, respectively. This method reduces the average path 

loss and latency by 12.31 % and 10.48 %, respectively.  

TABLE II. RESULTS FOR THE MAXIMUM INTERVALS. 

Metrics TFACR BBOA PMHRP CRRO 

Resource Allocation 0.926 0.933 0.961 0.9679 

Resource Utilisation 0.89 0.917 0.938 0.9484 

Avg. Path Loss (dB) 88.71 86.82 86.12 85.166 

Latency (ms) 336.82 288.83 183.28 100.296 

Routing Longevity 

(%) 
25.61 35.36 42.78 48.991 

 

The proposed CRRO improves resource allocation, 

utilisation, and routing longevity by 8.37 %, 10.02 %, and 

14.41 %, respectively. This method reduces the average path 

loss and latency by 11.76 % and 10.47 %, respectively.  
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Compared to TFACR, BBOA, and PMHRP, the coalition-

based routing and resource optimisation (CRRO) method 

shows significant advantages. It optimises resource 

allocation, reduces latency by 10.47 %, and improves routing 

longevity by 14.41 %. Unlike traditional approaches, CRRO 

leverages a coalition-based adaptive strategy that minimises 

interference and enhances the longevity of communication. 

This makes it particularly effective in high-density networks, 

where conventional methods often encounter challenges such 

as congestion and inefficient resource management. 

Using dynamic resource allocation, the CRRO method 

improves resource utilisation by 10.02 % and increases 

routing longevity by 14.41 %. Through the formation of 

coalitions, devices collaboratively share resources based on 

real-time demands, thereby reducing interference and 

congestion. This adaptability ensures superior performance in 

environments with high device density and extended 

communication intervals, where traditional methods may fail 

to maintain efficiency. 

IV. CONCLUSIONS 

The CRRO method is proposed to perform cooperative 

agreements between resource providers and communication 

channels. To validate and mitigate interference, a modified 

deep transfer learning model is included, which upgrades 

resource utilisation and the longevity of communication. In 

addition, a coalition-based routing with resource optimisation 

CRRO method is included to improve the performance 

operation of 5G networks, these techniques emphasise that 

the proposed method excels in areas like resource allocation, 

utilisation, and longevity while minimising path loss and 

latency. Furthermore, the method balances communication 

loads among devices and optimises resources in networks 

with a large number of devices. The targets defined for the 

proposed method are to maintain high resource efficiency, 

minimise delays, and ensure long-term network reliability. As 

a result, this method addresses solutions for networks, 

particularly in dense environments where traditional routing 

and resource allocation methods may fail to optimise 

resources. The proposed CRRO improves resource allocation 

and routing longevity by 8.37 % and 14.41 %, respectively, 

and reduces average path loss by 11.76 % for the maximum 

devices. 

The improved longevity of the routing is based on limited 

channel allocation constraints using convergence 

optimisation. Therefore, low-power allocation constraints for 

noise reduction remain a routing problem for routing. 

Therefore, low-power routing with channel allocation and 

utilisation feasibilities over noise cancelling features is 

planned for future work. To address the challenges of 

scalability while implementing CRRO in real-world 5 G 

networks, dynamic coalition formation and deep transfer 

learning can be introduced. These techniques will focus on 

computational overhead in crowded networks. However, 

problems may arise due to network synchronisation across 

heterogeneous devices and increased latency that will require 

further optimisation in diverse environment and conditions. It 

will aim at regressing non-convex optimisation under high 

allocation intervals to improve the support for large device 

densities.  

CONFLICTS OF INTEREST 

The authors declare that they have no conflicts of interest.  

REFERENCES 

[1] F. Luque-Schempp, L. Panizo, Maria-Del-Mar Gallardo, and P. 

Merino, “AutomAdapt: Zero touch configuration of 5G Qo flows 
extended for time-sensitive networking”, IEEE Access, vol. 11, pp. 

82960–82977, 2023. DOI: 10.1109/ACCESS.2023.3302264. 

[2] Mst. R. Aktar et al., “Energy-efficient hybrid powered Cloud Radio 
Access Network (C-RAN) for 5G”, IEEE Access, vol. 11, pp. 3208–

3220, 2023. DOI: 10.1109/ACCESS.2023.3234190. 

[3] Y.-J. Cho, H.-M. Yoo, K.-S. Kim, J. Na, and E.-K. Hong, “Practical 
load balancing algorithm for 5G small cell networks based on real-

world 5G traffic and O-RAN architecture”, IEEE Access, vol. 12, pp. 

121947–121957, 2024. DOI: 10.1109/ACCESS.2024.3452434. 
[4] A. Moubayed, D. M. Manias, A. Javadtalab, M. Hemmati, Y. You, and 

A. Shami, “OTN-over-WDM optimization in 5G networks: Key 

challenges and innovation opportunities”, Photonic Network 
Communications, vol. 45, no. 2, pp. 49–66, 2023. DOI: 

10.1007/s11107-022-00991-x. 

[5] S. H. A. Kazmi, F. Qamar, R. Hassan, and K. Nisar, “Routing-based 
interference mitigation in SDN enabled beyond 5G communication 

networks: A comprehensive survey”, IEEE Access, vol. 11, pp. 4023–

4041, 2023. DOI: 10.1109/ACCESS.2023.3235366. 
[6] J. Sung and S.-j. Han, “Use of edge resources for DNN model 

maintenance in 5G IoT networks”, Cluster Computing, vol. 27, pp. 

5093–5105, 2024. DOI: 10.1007/s10586-023-04236-y. 
[7] S. Malta, P. Pinto, and M. Fernández-Veiga, “Using reinforcement 

learning to reduce energy consumption of ultra-dense networks with 

5G use cases requirements”, IEEE Access, vol. 11, pp. 5417–5428, 
2023. DOI: 10.1109/ACCESS.2023.3236980. 

[8] Y. Hao, F. Li, C. Zhao, and S. Yang, “Delay-oriented scheduling in 5G 
downlink wireless networks based on reinforcement learning with 

partial observations”, IEEE/ACM Transactions on Networking, vol. 31, 

no. 1, pp. 380–394, 2023. DOI: 10.1109/TNET.2022.3194953. 
[9] J. Lee, S.-C. Lim, H. Kim, J. Na, and H. Lee, “Distributed DQN-based 

network-wide energy efficiency maximization for 5G NR-U and Wi-Fi 

coexistence environments”, ICT Express, vol. 10, no. 4, pp. 845–850, 
2024. DOI: 10.1016/j.icte.2024.05.010. 

[10] L. Yu and W. Enzheng, “5G network education and smart campus 

based on heterogeneous distributed platform and multi-scheduling 
optimization”, Soft Computing, pp. 1–12, 2023. DOI: 10.1007/s00500-

023-08790-w. 

[11] Z. Lu, “Research on anti-interference performance of 5G multi band 
communication antenna supported by NFC technology”, Wireless 

Networks, vol. 31, pp. 915–927, 2024. DOI: 10.1007/s11276-024-

03803-4. 
[12] Y. Xiao, N. Li, J. Yu, B. Zhao, D. Chen, and Z. Wei, “Research on 

reliability mapping of 5G low orbit constellation network slice based 

on deep reinforcement learning”, Scientific Reports, vol. 14, no. 1, art. 
no. 15294, 2024. DOI: 10.1038/s41598-024-66188-6. 

[13] J. Cezanne et al., “Design of wireless fronthaul with mmWave LOS-

MIMO and sample-level coding for O-RAN and beyond 5G systems”, 
IEEE Open Journal of the Communications Society, vol. 4, pp. 1893–

1912, 2023. DOI: 10.1109/OJCOMS.2023.3308713. 

[14] A. Fayad and T. Cinkler, “Energy-efficient joint user and power 

allocation in 5G millimeter wave networks: A genetic algorithm-based 

approach”, IEEE Access, vol. 12, pp. 20019–20030, 2024. DOI: 

10.1109/ACCESS.2024.3361660. 
[15] D. Rivera, J. I. Moreno, M. S. Rodrigo, D. R. López, and A. Mozo, 

“Providing heterogeneous signaling and user traffic for 5G core 

network functional testing”, IEEE Access, vol. 11, pp. 2968–2980, 
2023. DOI: 10.1109/ACCESS.2022.3233412. 

[16] J. Chen et al., “ASTPPO: A proximal policy optimization algorithm 

based on the attention mechanism and spatio–temporal correlation for 
routing optimization in software-defined networking”, Peer-to-Peer 

Networking and Applications, vol. 16, no. 5, pp. 2039–2057, 2023. 

DOI: 10.1007/s12083-023-01489-7. 
[17] Z. Yu, X. Xu, and W. Zhou, “Dynamic resource allocation and 

computational offload optimization method for 5G network slicing in 

MEC environment”, Physical Communication, vol. 66, art. 102362, 
2024. DOI: 10.1016/j.phycom.2024.102362. 

[18] J. Li, J. Pang, and X. Fan, “Optimization of 5G base station coverage 

based on self-adaptive mutation genetic algorithm”, Computer 
Communications, vol. 225, pp. 83–95, 2024. DOI: 

10.1016/j.comcom.2024.07.002. 

[19] M. Klinkowski, “Optimized planning of DU/CU placement and flow 

88



ELEKTRONIKA IR ELEKTROTECHNIKA, ISSN 1392-1215, VOL. 31, NO. 2, 2025 

routing in 5G packet Xhaul networks”, IEEE Transactions on Network 

and Service Management, vol. 21, no. 1, pp. 232–248, 2024. DOI: 
10.1109/TNSM.2023.3291668. 

[20] S. A. Aboulrous et al., “Parallel deployment and performance analysis 

of a multi-hop routing protocol for 5G backhaul networks using cloud 
and HPC platforms”, IEEE Access, vol. 12, pp. 16696–16714, 2024. 

DOI: 10.1109/ACCESS.2024.3355130. 

[21] C. Yan and S. Sheng, “Sdn+K8s routing optimization strategy in 5G 
cloud edge collaboration scenario”, IEEE Access, vol. 11, pp. 8397–

8406, 2023. DOI: 10.1109/ACCESS.2023.3237201. 

[22] Q. Zhang et al., “Artificial intelligence-enabled 5G network 
performance evaluation with fine granularity and high accuracy”, IEEE 

Access, vol. 12, pp. 36432–36446, 2024. DOI: 

10.1109/ACCESS.2024.3368854. 
[23] L. M. M. Zorello, L. Bliek, S. Troia, G. Maier, and S. Verwer, “Black-

box optimization for anticipated baseband-function placement in 5G 

networks”, Computer Networks, vol. 245, art. 110384, 2024. DOI: 
10.1016/j.comnet.2024.110384. 

[24] Y. Tian, Y. Dong, and X. Feng, “Deep learning-based multi-domain 

framework for end-to-end services in 5G networks”, Journal of Grid 
Computing, vol. 21, no. 4, art. no. 77, 2023. DOI: 10.1007/s10723-023-

09714-6. 

[25] G. Colajanni and D. Sciacca, “Multi-layer 5G network slicing with 
UAVs: An optimization model”, Networks and Spatial Economics, vol. 

23, no. 3, pp. 755–769, 2023. DOI: 10.1007/s11067-023-09595-y. 

[26] Y. Kim, P. Choi, J.-A. Lim, and J. Kwak, “Network-compute co-
optimization for service chaining in cloud-edge-radio 5G networks”, 

IEEE Transactions on Vehicular Technology, vol. 72, no. 10, pp. 

13374–13391, 2023. DOI: 10.1109/TVT.2023.3271693. 
[27] X. Wang, H. Yao, T. Mai, S. Guo, and Y. Liu, “Reinforcement 

learning-based particle swarm optimization for end-to-end traffic 

scheduling in TSN-5G networks”, IEEE/ACM Transactions on 
Networking, vol. 31, no. 6, pp. 3254–3268, 2023. DOI: 

10.1109/TNET.2023.3276363. 

[28] C. L. Moreira, C. A. Kamienski, and R. A. Bianchi, “5G and edge: A 
reinforcement learning approach for Virtual Network Embedding with 

cost optimization and improved acceptance rate”, Computer Networks, 

vol. 247, art. 110434, 2024. DOI: 10.1016/j.comnet.2024.110434. 
[29] J. Cheng, Y. Wu, Y. Lin, Y. E, F. Tang, and J. Ge, “VNE-HRL: A 

proactive virtual network embedding algorithm based on hierarchical 
reinforcement learning”, IEEE Transactions on Network and Service 

Management, vol. 18, no. 4, pp. 4075–4087, 2021. DOI: 

10.1109/TNSM.2021.3120297. 
[30] L. H. Binh, T.-V. T. Duong, and V. M. Ngo, “TFACR: A novel 

topology control algorithm for improving 5G-based MANET 

performance by Flexibly Adjusting the Coverage Radius”, IEEE 
Access, vol. 11, pp. 105734–105748, 2023. DOI: 

10.1109/ACCESS.2023.3318880. 

[31] D. Liu et al., “A coalition-based communication framework for task-
driven Flying Ad-hoc Networks”, 2018. DOI: 

10.48550/arXiv.1812.00896. 

[32] Y. Li, Z. Zhang, Z. He, and Q. Sun, “A heuristic task allocation method 
based on overlapping coalition formation game for heterogeneous 

UAVs”, IEEE Internet of Things Journal, vol. 11, no. 17, pp. 28945–

28959, 2024. DOI: 10.1109/JIOT.2024.3406336. 
[33] O. K. Sahingoz, “Networking models in Flying Ad-hoc Networks 

(FANETs): Concepts and challenges”, Journal of Intelligent & Robotic 

Systems, vol. 74, pp. 513–527, 2014. DOI: 10.1007/s10846-013-9959-

7. 

[34] M. Zhang, J. Li, X. Wu, and X. Wang, “Coalition game based 

distributed clustering approach for group oriented unmanned aerial 
vehicle networks”, Drones, vol. 7, no. 2, p. 91, 2023. DOI: 

10.3390/drones7020091. 

[35] N. Qi, Z. Huang, F. Zhou, Q. Shi, Q. Wu, and M. Xiao, “A task-driven 
sequential overlapping coalition formation game for resource 

allocation in heterogeneous UAV networks”, IEEE Transactions on 

Mobile Computing, vol. 22, no. 8, pp. 4439–4455, 2023. DOI: 

10.1109/TMC.2022.3165965. 

[36] D.-G. Zhang, H.-l. Zhu, T. Zhang, J. Zhang, J.-y. Du, and G.-q. Mao, 
“A new method of content distribution based on fuzzy logic and 

coalition graph games for VEC”, Cluster Computing, vol. 26, no. 1, pp. 

701–717, 2023. DOI: 10.1007/s10586-022-03711-2. 
[37] S. Charoenchai and P. Siripongwutikorn, “Coalitional graph game for 

area maximization of multi-hop clustering in vehicular ad hoc 

networks”, EURASIP Journal on Wireless Communications and 
Networking, vol. 2022, art. no. 67, 2022. DOI: 

10.1186/s13638‑022‑02149‑9. 

[38] U. Singh et al., “Coalition games for performance evaluation in 5G and 
beyond networks: A survey”, IEEE Access, vol. 10, pp. 15393–15420, 

2022. DOI: 10.1109/ACCESS.2022.3146158. 

[39] A. Nauman, M. A. Jamshed, Y. A. Qadri, R. Ali, and S. W. Kim, 
“Reliability optimization in narrowband device-to-device 

communication for 5G and beyond-5G networks”, IEEE Access, vol. 9, 

pp. 157584–157596, 2021. DOI: 10.1109/ACCESS.2021.3129896. 
[40] A. Fawaz, I. Mougharbel, K. Al-Haddad, and H. Y. Kanaan, “Energy 

routing protocols for energy Internet: A review on multi-agent systems, 

metaheuristics, and artificial intelligence approaches”, IEEE Access, 
vol. 13, pp. 41625–41643, 2025. DOI: 

10.1109/ACCESS.2025.3546620. 

[41] F. Noor, M. A. Khan, A. Al-Zahrani, I. Ullah, and K. A. Al-Dhlan, “A 
review on communications perspective of flying ad-hoc networks: Key 

enabling wireless technologies, applications, challenges and open 

research topics”, Drones, vol. 4, no. 4, p. 65, 2020. DOI: 
10.3390/drones4040065. 

[42] M. A. Mjahed, F. B. Abdelaziz, and H. Tarhini, “A multiobjective 

coalition formation in facility and fleet sharing for resilient horizontal 
supply chain collaboration”, Annals of Operations Research, vol. 346, 

pp. 1471–1496, 2025. DOI: 10.1007/s10479-023-05750-3. 

[43] R. Chen, X. Wang, and X. Liu, “Smart futures based resource trading 
and coalition formation for real-time mobile data processing”, IEEE 

Transactions on Services Computing, vol. 15, no. 5, pp. 3047–3060, 

2022. DOI: 10.1109/TSC.2021.3060343.  
[44] R. Kumar and H. Singh, “Machine learning solution of a coalition game 

for optimal power allocation in multi-relay cooperative scenario”, 

Sadhana, vol. 47, art. no. 250, 2022. DOI: 10.1007/s12046-022-02014-
x. 

[45] F. N. Al-Wesabi et al., “Optimal resource allocation method for 
Device-to-Device communication in 5G network”, Computers, 

Materials & Continua, vol. 71, no. 1, pp. 1–15, 2022. DOI: 

10.32604/cmc.2022.018469. 
[46] J. Logeshwaran, N. Shanmugasundaram, and J. Lloret, “Energy-

efficient resource allocation model for device-to-device 

communication in 5G wireless personal area networks”, International 
Journal of Communication Systems, vol. 36, no. 13, 2023. DOI: 

10.1002/dac.5524. 

[47] S. Huang, G. Chuai, and W. Gao, “Coalitional games based resource 
allocation for D2D uplink underlaying hybrid VLC-RF networks”, in 

Proc. of 2022 IEEE Wireless Communications and Networking 

Conference, 2022, pp. 2316–2321. DOI: 
10.1109/WCNC51071.2022.9771959. 

[48] Y. Li, D. Jin, J. Yuan, and Z. Han, “Coalitional games for resource 

allocation in the device-to-device uplink underlaying cellular 
networks”, IEEE Transactions on Wireless Communications, vol. 13, 

no. 7, pp. 3965–3977, 2014. DOI: 10.1109/TWC.2014.2325552. 

[49] B. S. Premananda, N. K. Neti, K. P. Ashwin, and S. V. Basu, “An 

energy-efficient, coalition game theory based hierarchical routing 

protocol for WSNs”, International Journal of Computers and 

Applications, vol. 43, no. 3, pp. 246–256, 2021. DOI: 
10.1080/1206212X.2018.1529726. 

[50] R. Dong, C. She, W. Hardjawana, Y. Li, and B. Vucetic, “Deep 

learning for radio resource allocation with diverse Quality-of-Service 
requirements in 5G”, IEEE Transactions on Wireless Communications, 

vol. 20, no. 4, pp. 2309–2324, 2021. DOI: 

10.1109/TWC.2020.3041319. 

 
 

This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution 4.0 
(CC BY 4.0) license (http://creativecommons.org/licenses/by/4.0/). 

89




