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ABSTRACT 

The increasing densification and heterogeneous nature of 5G wireless 

networks pose significant challenges in computational complexity, 

interference Management, and fair radio resource allocation. This 

research proposes a Glowworm Swarm Optimization (GSO) based 

framework for joint subcarrier and power allocation in OFDMA based 

5G heterogeneous network (HetNets). The proposed algorithm exploits 

luciferin driven local search, adaptive neighborhood selection, and a 

grouping based allocation strategy to reduce the solution space and 

enhance convergence efficiency. This research adopts a simulation 

based methodology to investigate the effectiveness of the Glowworm 

Swarm Optimization (GSO) algorithm in reducing computational 

complexity and ensuring fair resource allocation in a 5G heterogeneous 

network. A downlink OFDMA base system model is considered, 

where a single based station (BS) serves multiple users under quality of service (QoS) 

constraints. A comprehensive system model is developed, incorporating channel state 
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information (CSI), SINR based objective functions, and proportional rate constraints to 

ensure quality of service (QOS) provisioning across heterogeneous traffic classes. The GSO 

algorithm is employed for subcarrier allocation, while optimal power distribution is achieved 

using a water filling algorithm approach. The computational complexity of the proposed 

method is analytically derived as O(TPMN), demonstrating improved scalability compared to 

conventional linear, root finding, and particle swarm optimization (PSO) techniques. 

Simulation results obtained using Matlab software show that the proposed GSO framework 

achieves significant reductions in computational overhead (up to 50% compared to 

benchmark methods) while maintaining high fairness levels (Jain’s Fairness Index 

approaching unity, approximately 0.95-1.0) and competitive system capacity. Furthermore, 

the algorithm demonstrates robustness under dynamic channel conditions and varying traffic 

loads, making it suitable for real time implementation in dense HetNets deployments. 

 

KEYWORDS: 5G Heterogeneous networks (HetNets), Glowworm Swarm Optimization 

(GSO), Resource Allocation (RA), Computational Complexity, OFDMA, and Jain’s 

Fairness Index. 

 

INTRODUCTION  

The rapid evolution of fifth generation (5G) wireless networks has enable significant 

improvement in data rates, latency, and connectivity, supporting diverse applications such as 

enhance mobile broadband  (eMBB),  ultra reliable low latency communications (URLLC), 

and massive machine type communications (mMTC).
[14],[16]

 However the deployment of 5G 

heterogeneous networks (HetNets), characterized by dense small cell architectures and 

dynamic user demands, has introduce substantial challenges in terms of computational 

complexity, interference management, and efficient resource allocation.
[2],[3] 

 

Traditional resource allocation techniques, including linear optimization and root finding 

methods, as well as metaheuristic approaches such as particle swarm optimization (PSO), 

have been widely applied in wireless networks. However, these methods often suffer from 

high computational overhead, scalability limitations, and premature convergence when 

applied to large scale and dynamic 5G environments.
[22],[23]

 

 

To address these challenges, swarm intelligence based optimization techniques have emerge 

as effective solutions due to their adaptability and ability to handle complex, nonlinear 

optimization problems. In particular, the glowworm swarm optimization (GSO) algorithm, 
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inspired by the luminescent behavior of glowworms, provides a decentralized and adaptive 

mechanism for exploring large solutions spaces. its features, including luciferin based 

attraction dynamic neighborhood selection, and localized search, make it suitable for 

reducing computational complexity while ensuring fair reource allocation in 5G 

HetNets.
[24],[23]

 

 

This research therefore focuses on the development and application of GSO algorithm for 

joint subcarrier and power allocation in OFDMA based 5G heterogeneous networks, aiming 

to achieve a balance between system performance, computational efficiency and fairness. 

  

3.0 MATERIALS AND METHODS 

This research adopts a simulation based approach to evaluate the performance of the 

proposed Glowworm Swarm Optimization (GSO) algorithm for reducing computational 

complexity and ensuring fair resource allocation in a 5G heterogeneous network (HetNets). A 

downlink orthogonal frequency division multiple access (OFDMA) system is considered, 

where a single based station (BS) serves M users over N orthogonal subcarriers under quality 

of service (QoS) constraints. 

 

Each user periodically feeds back channel state information (CSI) to the BS, which performs 

joint subcarrier and power allocation. The wireless channel model incorporates path loss, 

multipath fading, and additive white Gaussian noise (AWGN). System performance is 

evaluated based on signal to interference plus noise ratio (SINR), throughput, and fairness 

metrics. 

 

The transmitted OFDM signal of the -th is expressed as  

 

 

Where;  

 Transmitted OFDM signal  

 : Transmit power allocated to user  on subcarrier  

 : Normalized complex data symbol  

: Subcarrier frequency  

Each symbol can be express in phase (I) and in Quadrature (Q) form as; 
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Wireless channel and received signal  

After propagation through the wireless channel, the received signal at the serving  

Based station is; 

 

 

Where 

 Is the complex channel gain capturing path loss, fading and shadowing 

Is additive white Gaussian noise (AWGN) with power spectral density . 

 

Channel gain, noise and SNR 

The channel to noise gain (fading coefficient)  of user  on subcarrier  is thus 

given by; 

 

The AWGN (   is given by  

 
 

The is the noise power spectral density, is the bandwidth, while the received signal to 

noise ratio (SNR) at the receiver is express as  

 

 

Where is the power of subcarrier  on user It’s given in
[39],[40],[41],[42],[43]

 that the bit 

error rate of a square QAM with grey bit mapping is a function of the received  

signal to noise ratio and the number of bits on each subcarrier for each user . The bit error 

rate (BER) is thus approximated within 1dBfor data rate  and   as given 

as;  

 

 

The channel capacity can be derived from equation ( ) as follows  
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Where;   

 

Received Signal power (Fitness relevant Quantity) 

The instantaneous received signal power for user … over all allocated subcarrier is; 

 
 

This terms jointly reflects channel quality, modulation energy and power allocation 

effectiveness. 

 

SINR Based objective function for GSO 

To guide the swarm intelligence process, the GSO objective function is defined as a 

normalized SINR related metric;  

 
 

Where;  is the system Bandwidth 

This objectives ensures that users with strong channels, efficient power usage and high 

quality I/Q symbols achieved higher fitness values. 

 

Standard luciferin update equation  

In GSO, each glowworm (representing a candidate BS resource allocation solution) updates 

its luciferin values according to; 

 

 

Where:  

 ; Luciferin level, ; Luciferin decay constant, ; Luciferin enhancement constant  

 

Final channel and signal aware luciferin Model  

Substituting equation 3.10 into equation 3.11, the final luciferin updates and model becomes; 

 
 

Where; 
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 : captures propagation effects (path loss, fading and shadowing) 

 : represents modulated signal energy  

 : embeds power and subcarrier allocation decisions  

 

Higher luciferin values indicates better channel quality, higher SINR, and improved QoS 

satisfaction, from equation 3.12 the phase (I) and Quadrature  (Q) is given by the formula 

below; 

(t)                               3.13 

(t)                             3.14 

 

 

Figure 3.1 GSO Based channel and signal aware resource allocation model for 5G 

heterogeneous networks.  

 

 

Fig: 3.2 GSO Based Resource Allocation in 5G OFDM System. 
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3.1 Power Allocation  

The power allocation using water filling algorithm assumes equal power distribution among 

users
[40],[49],[50]

 the number of users can be one or more and in each power distribution for one 

user is different from power distribution in many user.
[40]

 For many users gamma function is 

set to generate predetermined values that are used to ensure proportional fairness among 

users and this is proportional to the channel capacity of each user. The proportional fairness 

among users is ensured by the following constraint. 

 

 

Where the channel capacity of users is  

are predetermined values which imposed the constraints. The optimal power allocation can be 

obtained by finding the maximum of the cost function
[40]

 given as; 

 

The cost function in equation (3.16) can be maximized by differentiating it with respect to 

power allocated to user and set each derivative to zero   

.17 

 

 
 

1. Power Distribution Among sub-carriers for a Single User  

Initially the power is equally distributed across all sub-carriers. For single user the optimal 

power distribution can be derived. The optimal power allocation on subcarrier   and  on a 

single user  is given as: 
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Since the power distribution is initially the same, equating the two equations (3.19) and 

(3.20) gives the optimal power distribution for a single user. This is the water filling in the 

frequency domain which can be express as; 

 
 

From equation (3.21) it can be seen  that more power will be put into subcarrier with high 

channel to noise gain. The power allocation for    is obtained as; 

 

 

The optimal power allocated to any subcarrier  related to subcarrier  for any user  is   

given as; 

 

 

Its assumed that  

The total power that can be allocated to a single user is derived from equation (3.23) and can 

be expressed as; 

 

 

Where  is the set of sub-carriers allocated to user . 

 

3.2 Computational Complexity steps in GSO Algorithm 

In the Glowworm swarm optimization approach, sub-carrier allocation is performed through 

iterative swarm intelligence rather than deterministic sorting, major computational steps 

involve. 

 

Step: 1 initialization  

Generate glowworm population of size , Initialize luciferin level and Initialized decision 

radius Complexity:  

 

Step: 2 Fitness evaluation   

Each glowworm evaluates its objective function based on channel gain and allocation matrix  



Sani et al.                                   World Journal of Engineering Research and Technology 

  

 

 

 

www.wjert.org                             ISO 9001: 2015 Certified Journal  

 
 143 

 

 

For each glowworm  

           

For population size p 

           

 

Step: 3 Luciferin Update  

    

 

Complexity 

                  

 

Step: 4 Neighborhood selection  

Each glowworm compares with others to determine neighbors  

Number of comparison; 

 

 

Worst case comparison 

                

 

Step: 5 Movement update  

Glowworms move towards better neighbors  

 

 

Step: 6 Iterative process 

If Maximum iteration is , then total complexity per iteration becomes 

 

 

Thus, overall complexity becomes: 

 

 

Since typically 

, ,   
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Therefore, the computational complexity of GSO Based subcarrier allocation approach is  

 

 

Table 3.1: Computational Complexity Comparison with other Techniques.  

Technique Complexity 

Linear Search  
Root-Finding  
PSO  
GSO  

 

 

Equation above means the algorithm running time grows proportionally to the product of  

  

 

Where;  

 

 

 

 

 

3.3 Mathematical Arrival rate model (GSO) 

System assumptions  

 Number of users 

 

 Arrival rate of user  

 

 

 

 

 

Traffic Arrival Model 

 )               3.30 
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Where;  

 

 

The queue evolution model 

 

   

Packet arrived  

Systems serve packets according to achieved rate  

Remaining packets stay in queue 

 

Rate Model (Physical Layer) 

Using Shannon Approximation; 

 

 

Stability Condition 

for system stability  

                         3.33 

If: 

 

 

Queue grows  

 

QoS Aware GSO Fitness Model 

Now we integrate arrival rate into GSO fitness. 

Traditional GSO Objective: 

 

 

Traffic Aware Objective  
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Where  

 

This penalizes users whose arrival rate exceeds capacity  

 

Delay Aware Model  

 

 

We can penalized delay 

 

 

Final GSO Arrival Rate Model 

 

 

Table 3.2: Simulation Parameters and Values appendix C. 

Parameter Description Symbol Value 

Total transmit power  1W 

Worst case power  1.0 W 

Noise Spectral Density  
4 *10^-20 

W/Hz 

Noise per subcarrier   

Bandwidth  100MHz 

Number of sub-carriers  100 

Number of users  2-20 users 

Channel realization  10 

Sampling Frequency  230MHz 

Nyquist frequency  115MHz 

Sample per realization  10 

Bit error rate  10^-6 

SNR gap Γ -ln(5⋅BER)/1.6 

Initial luciferin level  5 

Luciferin decay constant  0.4 

Luciferin enhancement 

factor  0.6 

Number of GSO 

iterations  100 

Luciferin Matrix size   
Channel gain matrix   
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In-phase component  
Generated by 

channel model 

Quadrature component  
Generated by 

channel model 

User power  Adaptive 

Subcarrier Power  
Water filling 

based 

Inverse channel gain 
 

Computed 

 

Flow Chart Diagram  

 

 

Performance metrics  

The performance of the proposed algorithm is evaluated using the following metrics  

i. System capacity (bits/s) 

ii. Computational complexity (Execution Time) 

iii. Fairness (Jain’s Fairness Index) 

iv. Subcarrier allocation  
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v. SINR and power efficiency 

Comparative analysis is conducted against benchmark methods, including linear, root finding 

and PSO algorithms respectively. 

 

4.0 RESULTS AND DISCUSSION   

This chapter presents the performance evaluation of the proposed GSO algorithm compared 

with linear, Root –Finding, and PSO methods using key metrics such as computation time, 

Normalized data rate, channel gain, target data rate, fairness and resource allocation 

efficiency. 

 

The results demonstrate the effectiveness of GSO in reducing computational complexity 

while ensuring fair and efficient resource allocation. Comparative analysis highlights 

improvement in scalability, performance and adaptability under varying network conditions. 

Overall, the finding confirm the suitability of the proposed approach for practical deployment 

in real world 5G heterogeneous networks.  

 

Figure 4.1 shows the channel gain distribution across users in a 5G heterogeneous network, 

highlighting significant variability due to fading, interference, and dynamic propagation 

conditions. The results indicate a highly non uniform and rapidly changing channel 

environment where no user consistently experiences dominant channel quality. 

 

This variability emphasizes the limitations of static allocation methods and the need for 

adaptive optimization techniques. The proposed GSO algorithm effectively exploits channel 

diversity, supporting multi user diversity, adaptive subcarrier selection, and fair power 

allocation in dynamic 5G environments. 

 

 

Figure: 4.1 5G Channel Quality Perceived by the Users. 
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Figure 4.2 compares the average computation time per user for linear, Root-Finding, PSO and 

GSO algorithms under increasing network load. The results show that the proposed GSO 

algorithm achieves the lowest computational cost, with execution time consistently in the 

 range, demonstrating excellent scalability and suitability for real time 5G 

resource allocation. 

 

The linear method also exhibits low complexity, though slightly higher than GSO, PSO 

shows moderate computational cost due to its iterative swarm operations, while the root 

finding algorithm incurs the highest computation time, approaching near econds 

Overall, the results establish a clear computational efficiency ranking:  

 

GSO (Fastest) linear PSO  Root Finding(Slowest) 

 

Figure: 4.2 Average Computation Time(s) per user. 

 

Figure 4.3 shows the variation of the system capacity with increasing number of users for 

Linear, Root-Finding, PSO, and GSO algorithms in a 5G OFDMA heterogeneous network.  

 

Results indicate that system capacity increases with the number of users due to multi user 

diversity. However, the rate of improvement varies across algorithms, reflecting tradeoffs 

between throughput, fairness, and computational complexity. Linear, and Root-Finding 

methods achieve the highest capacity (approximately 4.0–4.8 bits/s), with root finding 

performing best at higher user loads. In contrast, PSO provides moderate capacity with 

smoother and more balance allocation, avoiding excessive bias towards strong users.  

 

Overall, throughput oriented methods maximized spectral efficiency, while bio inspired 

approaches such as PSO and GSO offer improved fairness and balance performance with 

lower computational complexity  



Sani et al.                                   World Journal of Engineering Research and Technology 

  

 

 

 

www.wjert.org                             ISO 9001: 2015 Certified Journal  

 
 150 

 

Figure: 4.3 capacity (bits/s) against number of users. 

 

Figure 4.4 illustrates the heterogeneous distribution of target data rate across 20 user, 

reflecting diverse 5G service requirements. The observed variation ranges from high data 

rates demands (~1 Gbps) to very low rates (~0.1–0.25 Gbps), representing different traffic 

classes including eMBB, URLLC, mMTC, and V2V communication. 

 

This non uniform distribution highlights the coexistence of capacity driven, latency sensitive 

and low throughput applications within the same network. The dominance of mMTC users, 

alongside intermittent high demand of eMBB and latency critical URLLC users, creates a 

highly dynamic and complex resource allocation environment. 

 

Overall, the results emphasize the need for adaptive and intelligent algorithms, such as GSO, 

capable of balancing fairness, priority, and QoS requirements across heterogeneous traffic 

profiles in 5G networks.  

 

 

Figure: 4.4 Target Data Rate of each user. 

 

Figure 4.5 presents the average channel quality experience by 20 users in the simulated 5G 

heterogeneous network, reflecting the effects of path loss, fading, interference, and noise. The 

results shows significant variability across users, with some experiencing strong channel 

conditions (e.g., user 2) and others facing poor conditions (e.g. Users 12 and 17). 
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This heterogeneity highlights the dynamic nature of 5G environments and underscores the 

need for adaptive optimization techniques. Algorithms such as GSO have effectively exploits 

favorable channel conditions while maintaining fairness for users with weaker links.  

 

 
Figure: 4.5 Average channel quality for each user. 

 

 

Fig; 4.6 Power Allocation to users. 

 

From figure 4.6 the power allocated to user index 16 by using GSO technique is 0.120W. 

Three sub-carriers indexes 57, 62 and 63 are allocated to user index 16, the channel gain of 

the sub-carriers are 0.621, 0.602 and 0.581 respectively, the channel gain and power allocated 

to these sub-carriers is shown in figure 4.8. 

  

 

Figure: 4.7 Graph channel gain and power allocation for user index 16. 
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Figure 4.7 illustrates subcarrier gain and corresponding power allocation for user 16 under 

the proposed GSO based scheme. The results show that subcarriers with higher channel gains 

received higher power, while weaker subcarriers are allocated lower power, consistent with 

the water filling principle. The relationship demonstrates the algorithms ability to efficiently 

exploit channel diversity, ensuring improved spectral efficiency while maintaining QoS. 

Overall, the results validate the effectiveness of the proposed approach in achieving fair and 

energy efficient resource allocation in 5G networks.  

 

Figure 4.8 shows normalized data rate distribution across 16 users for different allocation 

schemes, results indicate significant variability due to heterogeneous channel conditions. 

 

Linear and root finding closely follow the reference (Gamma) with stable allocations, while 

PSO prioritizes throughput, leading to higher variability. The proposed GSO approach 

achieves a better balance by maintaining proportional fairness and reducing extreme 

variations. Overall, GSO provides an effective tradeoff between fairness and capacity, 

making it suitable for heterogeneous 5G environments.   

 

 

Figure: 4.8 Normalized Data rate. 

 

Figure 4.9 illustrate subcarrier allocation among users for different algorithms. Linear and 

Root finding methods allocates a large proportion of subcarriers to a few users, resulting in 

poor fairness despite low complexity. PSO distributes subcarriers across all users but exhibits 

irregular and unstable allocation patterns. 

 

In contrast, the proposed GSO algorithm achieves a more uniform and balance distribution 

with subcarriers evenly allocated across users and smoother allocation transitions. This 

demonstrates improved fairness, stability and efficient resource utilization.  
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Fig: 4.9 Subcarrier Allocation among All the Algorithms. 

 

Figure 4.10 compares fairness performance using Jain’s fairness index across different 

algorithms. The proposed GSO approach achieves the highest and most stable fairness 

(≈0.95–1.0), showing minimal degradation as the number of user’s increases. PSO also 

maintains high fairness but declines gradually, offering a good balance between performance 

and scalability. 

 

In contrast, the linear method shows moderate fairness with noticeable degradation at higher 

user counts, while the root finding approach performs worst, with rapid fairness decline. 

Overall GSO provides the most robust and fair resource allocation, making it the most 

suitable for 5G heterogeneous networks. 

 

 

Fig: 4.11 Fairness performance comparison using the Jains Fairness Index. 

   

5.0 CONCLUSION  

The proposed Glowworm Swarm Optimization (GSO) algorithm, incorporating luciferin-

aware and channel-aware mechanisms, demonstrates a substantial reduction in computational 

complexity compared to conventional optimization techniques. Simulation results show that 

GSO achieves approximately 35% lower complexity than particle swarm optimization (PSO) 
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and up to 50% reduction compared to linear and Root-Finding methods. These improvements 

are primarily due to GSO’s localized search strategy, fewer required iterations, and biological 

inspired decision making process. 

 

Importantly, these improvements are achieved while maintaining high fairness levels, with 

Jain’s fairness index approaching unity (approximately 0.95-1.0), and ensuring competitive 

system capacity, thereby demonstrating an effective balance between efficiency, fairness, and 

overall network performance.  

 

Consequently, the proposed framework provides a computational efficient, scalable, and 

robust solution for resource allocation in dense 5G heterogeneous networks. Its efficiency and 

adaptability make it particularly suitable for real time implementation, while also offering 

strong potential for further optimization and application in future wireless communication 

systems. 
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