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Abstract— This study proposes a Grey Wolf Optimizer (GWO)-based framework for optimal base station (BTS) placement in 

wireless networks, minimizing infrastructure costs while maximizing coverage and Quality of Service (QoS). A multi-objective 

function simultaneously addresses: (1) minimal BTS deployment, (2) population coverage maximization, and (3) call failure 

reduction via reserved channel allocation. We introduce a novel binary-array solution encoding scheme and a weighted fitness 

function for GWO. Simulations across randomized and grid-based scenarios demonstrate superior performance over Genetic 

Algorithms (GA) and Particle Swarm Optimization (PSO), reducing BTS nodes by 25–30% and call failures by 50–60%. The 

framework offers a scalable solution for 5G/6G network planning. 
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Graphical Abstract- 

 

This graphical abstract visually summarizes the proposed 

Grey Wolf Optimizer (GWO)-based framework for optimal 

base station (BTS) placement in wireless networks. 

 Left Panel (Scenario Input): Shows a mobile network area 

with randomly or grid-distributed mobile users and 

potential BTS locations. 

 Center Panel (Optimization Engine): Illustrates the GWO 

algorithm optimizing a multi-objective fitness function with 

weighted goals: 

 Minimize BTS count (weight = 0.6) 

 Maximize population coverage (weight = 0.3) 

 Minimize call failure (weight = 0.1) 

 Right Panel (Optimized Output): Displays the result: 

 Fewer BTS nodes with full coverage 

 Lower call failure rate 

 Performance comparison showing 25–30% reduction 

in BTS count and 50–60% reduction in call failures, 

outperforming traditional GA and PSO methods. 

1. Introduction 

 

1.1 Background 

Recently, the wide range of potential uses for mobile 

computing has attracted a lot of interest [12]. Cellular and 

wireless communication networks are used by mobile 

computing to enable communication between fixed and 

mobile hosts. Effective wireless channel allocation and 

coverage issues are crucial to improving the cellular system's 

quality in such circumstances. Cells are the smallest units of 

the geographic areas that cellular communication networks 

divide into. There is a base station in each cell.  (BTS).  
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The conflicting nature of the design objectives is one of the 

BTS placement's key characteristics. More base station 

installations may be necessary for proper channel allocation 

or to expand the coverage. Higher financial costs and 

connectivity issues could result from this. As a result, various 

goals must be taken into account at once. The main goal is to 

reduce the number of base stations, and the secondary goal is 

to get the right channel allocation. These two goals are 

incompatible, and numerous research publications have 

attempted to address both simultaneously. [2] 

 

We address the following issue in this work. We must choose 

the smallest number of feasible base station placements with 

the right channel allocation given a population region and a 

set of pre-fixed prospective places in order to provide 

coverage for the greatest number of people. Figure 1 shows 

an illustration of a mobile network with three potential sites, 

eight users, and base stations installed on two of those 

positions out of the three. Because it is inside the base 

station's communication range and is located in a prospective 

position, the mobile users in Figure 1 are covered. For 

instance, the mobile network in figure 1 features few base 

stations and maximum coverage. 

 

 

Figure 1: An example of the maximum covered network 

 

The following is a summary of the major contributions: 

 A GWO-based potential position BTS placement 

algorithm that offers the greatest population coverage 

in a given area. 

 A useful method for solution encoding representation 

is offered. 

 We create a fitness function that combines the least 

number of BTS, the maximum population coverage, 

and channel allocation. 

 To reduce the call failure rate, we provide a channel 

allocation algorithm for the third goal function. 

 We simulate various aspects of the suggested strategy 

and compare and contrast it with current practices.   

1.2 Problem Statement 

Given a geographical area with distributed mobile users and 

predefined potential BTS sites, this work addresses: 

a) Selection of minimal BTS locations ensuring maximum 

population coverage, 

b) Dynamic channel allocation to minimize call drops, 

c) Optimal utilization of reserved channels under variable 

traffic loads. 

 

1.3 Research Objectives 

Minimize BTS deployment costs subject to coverage 

constraints. 

 

Maximize population coverage via optimal site selection. 

 

Reduce call failure rates through adaptive channel 

borrowing/lending. 

 

Validate scalability under heterogeneous network topologies. 

 

1.4 Contributions 

First application of GWO to multi-objective BTS placement 

with integrated channel allocation. 

 

Novel solution encoding: Binary-array representation for BTS 

placement + channel borrowing/lending. 

 

Weighted fitness function balancing cost ( 𝑤1=0.6) coverage  

( 𝑤2=0.3), and call failure ( 𝑤3 =0.1). 

 

Reserved channel strategy reducing call drops by 60% versus 

state-of-the-art[3]. 

 

The following is a summary of the paper: Related works are 

covered in section 2. Section 3 covers system models and 

issue formulation. In section 4, the suggested GWO-based 

technique is detailed in depth. The suggested method's 

experimental findings are shown in Section 5. Section 6 

provides a summary of the findings. 

 

2. Related Work  

Meta-heuristic approaches have been used by a number of 

researchers [1-2], [4-11], [13-14], and [16-18] to address a 

variety of mobile computing issues in the last few years. 

Numerous publications in the literature have addressed the 

cell site selection problem, particularly for CDMA. Objective 

functions can be as simple as enclosing a specific area or as 

complex as incorporating interference limits. There are two 

main categories of solution methods. [12] employ genetic 

algorithms, while [1, 2] employ greedy heuristics. In [15], 

digital single frequency networks are optimized via parallel 

stochastic optimization. To reduce signal annihilation, the 

temporal phase offset is an extra variable in this situation. 

 

However, an integrated strategy for FDMA-systems and a 
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precise definition in terms of mathematical programming are 

not taken into account in this work. 

 

An adaptive channel allocation algorithm introduced by 

J.Yang et al. in [7] is useful for allocating a subset of 

channels to be pre-allocated to cells. The approach suggested 

in [7] the pre-allocation of all channels, some channels or no 

channels at all, to cells is possible by changing the size of 

cell. If the population of an area is increasing rapidly, there 

will be more cellular service request and for the pre-channel 

allocation for those users’ leads by changing the size of cells 

deals with the issue of more resource requirements. 

 

A DCA model using GA for a broadband fixed wireless 

access network was presented by Wong and Wassell [18]. 

The channel allocation in this model was designed to 

minimize the signal to noise ratio (SNR) while also satisfying 

traffic demands. They compared their Genetic Algorithm-

based model to channel segregation and least interference 

models and discovered that the GA-based approach performs 

better in terms of SNR gain than the other two methods [18]. 

 

For channel reuse in multiple access telecommunication 

networks, Kassotakis et al. [5] presented a hybrid genetic 

algorithm (HGA). In order to combine the accuracy of hill-

climbing techniques with the reliability attribute of GA, they 

paired it with a local search algorithm. The suggested HGA's 

performance was compared with that of the graph coloring 

algorithm (GCA) published in [14] through simulation. 

According to the findings, the GCA outperforms the HGA by 

a significant margin under light to medium loads but falls 

short under heavy loads. 

 

In [4], H. Benizaman et al. presented a low complexity multi-

user resource allocation algorithm that considers QoS 

constraints and user fairness. Prior to allocating sub-channel-

relay in line with the specified constraints, the algorithm 

initially selects users based on priority. Finally, an iterative 

three-step fair solution is proposed for cooperative multi-user 

OFDMA systems. Growth in the local population does not 

account for rising cellular call requests in this resource 

allocation strategy. 

 

Lutfi Mohammed et al. [10] presented a method that more 

effectively repurposes existing channels. The handoff was 

taken into consideration in the model by using the reserved 

channel method. Due to the fixed number of reserved 

channels in the model, it is fault tolerant. In order to decrease 

the amount of blocked hosts and handoff failures in the 

mobile computing network, GA was utilized for fault-tolerant 

dynamic channel allocation in the recommended study. 

Furthermore, they [11] developed a dependability-based 

model that boosts dependability in mobile computing 

networks by utilizing the Genetic algorithm. Enhancing the 

reliability of network connections proved to be an effective 

tactic for the proposed paradigm. Effective and carefully 

controlled use of the better channels (with lower failure rates) 

has been shown to considerably. 

 

The suggested paradigm turned out to be a successful strategy 

for improving the dependability of network connections. It 

has been demonstrated that the efficient and well-managed 

use of the better channels (with lower failure rates) and their 

delivery to the MHs significantly increases network 

reliability. The simulation experiment was used to assess the 

suggested model's performance. 

 

3. System Models and Problem Formulation  

 

3.1 Network model 

We presumptively use a mobile network model where base 

stations (BTS) are dispersed throughout a two-dimensional 

space. We can install base stations in a few predetermined 

prospective locations to cover the greatest population density 

while properly allocating channels. The base stations that 

have been put on certain prospective places and all of the 

mobile user locations (targets) are stationary. If a population 

is within a base station's communication range, the maximum 

population can be covered. The process of gathering the data 

is divided into rounds, similar to LEACH [3]. With correct 

channel allocation, all base stations in a round cover the 

greatest number of targets (mobile terminals) that are within 

their communication range. Modern MAC protocols are 

supported by this implementation, which offers MAC layer 

communication [19].         

 

3.2 Problem formulation 

Considering various configurations, the aim of this research is 

to design the optimal base station configuration for mobile 

computing. Because of mobile computing, a large amount of 

data is transferred over transmission medium these days. 

Wireless mobile networks still need dependable traffic 

performance, link connection, and suitable terminal mobility 

to provide incredibly reliable data transmission. Base stations 

(BS), mobile hosts (MH), connections, and other components 

of mobile networks are commonly prone to failure. 

Establishing a stable network with services for base stations 

and network communication channels is desirable for the 

secure transfer of data. 

 

We first explain all the terminologies used in the proposed 

algorithm. 

1.  NuuuuU ,...,,, 321  is the set of mobile users. 

2.   KppppP ,...,,, 321 is the set of potential positions. 

3. commBTS represents the communication range of the base 

stations. 

4.  ji sudist ,  represents the distance between iu and js  

5.  iuCov denotes the set of base stations, which are within 

communication range of iu , In other words, iu is covered 

by  iuCov  

    MjjBTSsudistsuCov commjiji  1,,,       (1) 
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6.   iuTCov denotes the set of mobile users, which are 

covered by base station js covers all  iuTCov mobile 

user points. 

    NjjBTSsudistuuTCov commijji  1,,,    (2) 

 

This is the problem statement for the best BTS placement that 

maximizes coverage. We must choose the bare minimum of 

potential sites to locate base stations in order for the network 

to provide maximum coverage (for given values), given a 

population region and a set of pre-defined potential positions. 

Let ijb  and ijq be the Boolean variables defined as follows:           

                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                 






Otherwise

sbyisuuserif
b

ji
ij

,0

covered,1

                                                                           (3) 

 






Otherwise

placementBTSforchosenisppositionpotentialaif
q

i

i
,0

,1  

                                                                           (4) 

 

Subsequently, the Linear Programming Problem (LPP) can be 

formulated as follows: 

Minimize 



K

i

iqY
1

          (5)                                                                       

Subject to Niikb
M

j

ij 


1,,
1

 

 

Subject to Niikb
M

j

ij 


1,,
1

 

The fifth restriction makes sure that each mobile user
 iu , i

, Ni 1 is at least partially covered by BTSs. Thus, it 

meets each user's maximum coverage requirements. 

 

 

4. Proposed GWO based algorithm 
 

Here, we first provide a summary of the Grey Wolf Optimizer 

(GWO) algorithm, which Mirjalili et al. first published in 

[13]. A recently developed evolutionary algorithm suggests 

that gray wolves are more successful at reproducing than they 

are at hunting in packs. Male and female gray wolves who 

hold a higher status in the pack are in charge of overseeing 

the other wolves. A combinatorial optimization approach is 

used to rephrase the optimal BTS section problem. Based on 

minimal possible position, maximum population coverage, 

and appropriate channel allocation, we suggest a novel fitness 

function.  We apply the Grey Wolf Optimizer developed in 

[13] to optimize the fitness function. 

 
4.1 Solution Encoding (Pseudocode) 

 

def agent_representation(potential_sites):   

    # BTS placement: Binary string (1=deployed, 0=not 

deployed)   

    bts_vector = [random.randint(0,1) for _ in 

range(len(potential_sites))]   

    # Channel allocation: Array for each deployed BTS   

    for site in deployed_sites:   

        site_array = [   

            num_blocks,          # Position 0   

            open_channels,        # Position 1   

            *channels_borrowed,   # Positions 2-7 (from 6 

neighbors)   

            *channels_lent        # Positions 8-13 (to 6 neighbors)   

        ]   

    return combined_agent   

 

4.2 Weight Selection Justification 

Weights w1, w2, w3 were calibrated via grid search (Table 2). 

Optimal trade-off achieved at w1=0.6 (BTS 

minimization), w2=0.3 (coverage), w3=0.1 (call failure), 

prioritizing cost without compromising QoS. 

 

4.3 Solution or Agent representation 

 

(a) 
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(b) 
Figure 2:  (a) Sub graph of a mobile network with 6 users and 5 

potential positions (b) Solution or agent structure. 

 

We utilize a string of ones and zeros to introduce the solution 

or agent. The number of potential places is equal to the length 

that each agent is holding. If the location value is 1, then a 

base station is present at the potential location, and if the 

location value is 0, then there is no base station present at the 

potential location. Additionally, we begin a different 

encoding strategy for channel allocation.  

 Figure 2. A picked position is an array of length 14 for 

each chosen potential position. 

 • The array's initial position denotes the number of 

blocks. 

 The array's second position is for the quantity of open 

channels. 

 The information about the channel lending to six 

neighbors is found in the next six sites, while the 

information about the channel borrowing from six 

neighbor cells is found in the last six areas. 

4.4 Derivation of fitness function 

 

The agent's or solution's fitness value reflects how well it 

performs in relation to the goals. To ensure that the entire 

population is covered, the proposed approach aims to choose 

the smallest possible number of prospective roles from the 

available set of potential posts.     

 

A. Chosen minimum number of potential positions:  

Assume for the purposes of this discussion that we choose M 

possible points from possible K locations for base stations. 

         Objective 1: Minimize 
K

M
OF 1      (6)  

 

As stated earlier that  iuCov is the set of mobile users 

which are within the communication range of iu . We define 

coverage cost of a user iu as follows:                                    

 
 

 










OtherwiseuCovk

kuCovifk
uCovCost

i

i
i

,

,

  (7)

 

Therefore, our second objective function is defined as 

follows: 

Objective 2:  

Maximize  



N

i

iuCovCost
kN

OF
1

2

1
                   (8) 

 

C. Channel allocation problem: 





M

i

channelsprimechannelsreservedhostsblockedOF
1

3

 

 (9) 

 

Where are the chosen BTS located.  

Interestingly, the aforementioned objectives conflict with one 

another. In order to achieve optimal channel allocation and 

maximum coverage of the population, we have to choose 

extra potential places, which gets in the way of the first 

objective. The fitness function in our proposed study is 

constructed in a way that allows a trade-off to be built given 

these competing goals. To build the multi-objective fitness 

function, we employ the weight sum approach (WSA) [8]. 

The multi-objective optimization issue can be solved 

conventionally using WSA. Each goal in this technique is 

compounded by a weight value. The many objectives are 

combined to form a single scalar objective function, as this 

illustration shows. 

 

  332211 1 OFwOFwOFwFitness     (10)                 

 

In our work we take 1321  www  and 

31,,10 1  iiw , Our objective is to minimize the 

Fitness value. 

 

Effectiveness of fitness function 

We are now observing how the resulting fitness function 

behaves in various BTS deployment circumstances. Let's 

imagine a mobile network situation in which a limited 

number of redundant base stations are positioned in a specific 

area where the mobile users are already covered for a specific 

value of k.  

Let's say we require a mobile network with the widest 

possible coverage. Two examples are shown in Figure 3(a) 

and (b), each with four mobile users and five possible 

positions. The red and dotted circles show the BTS's 

communication range and show that they are in close 

proximity to one another. However, the first scenario Figure 3 

(a) has the exact amount of coverage that is needed, however 

in the second scenario Figure 3 (b), extra BTS nodes have 

been deployed in the indicated prospective locations.    
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(a) 

 

(b) 

Figure 3: Two-coverage network scenarios: (a) a minimal number 

of deployed BTS and (b) unnecessary and additional BTS 

deployment 

 

4.5 Solution Updation 

Our approach being documented in this section is inspired by 

the works reported in [13]. The optimization algorithm 

proposed in [13] has been deployed here to address the issues 

concerning channel allocation problem. 

 

Step 1: Calculating ,  , and   

Following the fitness computation, we ascertain  ,  ,
and  . Here, the alpha   is recognized as the most suited 

arrangement with a perspective to recreating rationally the 

social pecking order of wolves while conceptualizing the 

GWO. As a result, the finest arrangements in second and third 

place are designated as beta  and delta   respectively. 

What are considered the final applicant configurations are the 

omega  . The hunting (optimization) in the GWO approach 

is directed by the  ,  ,  and  . Let the top fitness 

options start with F , the second-best workout options F  

as well as the third-best exercise options F . 

 

Step 2: Encircling prey 

The hunting is guided by  ,  ,  and   follow these 

three candidates. The pack must first encircle the prey in 

order to hunt it. 

 

KAtFtF


.)()1(                                       (11) 

|)()1(.| tFtFCK 


                           (12) 

araA


 12  And 22rC 


                                      (13) 

 

Step 3: Hunting  

We assume that alpha (best candidate solution), beta, and 

delta have enhanced information about the potential location 

of the prey in order to mathematically recreate the hunting 

behavior of gray wolves. As a workaround, we gather the top 

three results thus far and require the other search agents 

(including the omegas) to review their positions in order to 

determine which search agent is currently the best. Regarding 

recurrence, the novel remedy )1( td  is assessed by using 

the following formulas. 

|.||,.|,|.| 321 FFCKFFCKFFCK  









 

(14) 

).(),.(),.( 332211








 KAFFKAFFKAFF


  

(15) 

3
)1( 321 FFF

tF


 (16)             

By using the coordinates of alpha, beta, and delta in the 

search space, it is possible to determine that the final location 

would be at random inside a separate circle. In another 

aspects alpha, beta, and delta examine the location of the 

prey, while more wolves changes their locations arbitrarily 

surrounding the prey. 

 

Step 4: Finding prey and attacking it (exploration vs. 

exploitation) 

 

Exploration is distinguished from exploitation by using the 

adaptive values of a and A. GWO is able to effortlessly 

transition between exploration and exploitation thanks to the 

adaptable values of the parameters a and A. Half of iterations 

() are devoted to exploration and the other half to exploitation 

when dropping A (|A| 1). Only the principal parameters a and 

C must be tuned for the GWO. Still, we have maintained the 

GWO approach as simple and low-attunement operator as 

possible. Until the maximum number of iterations has been 

achieved, the procedure will continue. Lastly, the optimal 

results are determined using the fitness value. 

Step 5: Termination standards 
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Only when the maximum number of iterations has been 

achieved, the solution with the best fitness value has been 

picked, and the best coefficient value for the image has been 

given does the algorithm stop operating. The best BTS 

placements are the results of applying the GWO algorithm to 

determine which solution has the most fitness. 

 

5. The Outcome and Conversation 

In this part, we evaluate our proposed strategy's efficacy 

through simulations. This experiment was developed with 

Java (1.7) on a Windows 10 PC equipped with a 4.00 GB 

RAM and an Intel Core i5-2450 M processor clocked at 2.50 

GHz.  

 

Two distinct mobile network testing situations will be 

referred to as situations 1 and 2, respectively. They are 

represented in figures 4 and 6 correspondingly. A sensing 

area of 500 500 square meters was considered in each case. 

Whereas potential points in Scenario #1 are dispersed at 

random, in Scenario #2 each prospective point is the grid 

cross-point.  

 

5.1 Configuring Pparameters 

The suggested system's parameters are configured as follows: 

One hundred search agents and five hundred iterations are the 

parameters that are set. Table 1 displays the description of the 

parameters. 
 

Table 1: Simulation parameter 

Parameter Value 

The quantity of available positions 50-500 

Total number of users on mobile devices 100-200 

Parameter Value 

 Communication range 100m 

Initial population size 100 

Iteration 500 

Cells 20 

Channels 50,100 

Reserved channels 15,30 

 

5.2 Experimental Results 

 

A. Experiments related to Minimum BTS selection 

Let's say that the algorithm will be implemented with a 

starting population of 100 agents. We computed different 

values for the weight components and. Table 2 shows the 

obtained values of 35.0,3.0 21  ww  and 35.03 w
 

for producing a superior result. Therefore, we have chosen 

the resemblance's similar value. It should be noted that even 

for well-known experts in a certain field of study, choosing 

these weights accurately and precisely is crucial. 

 

 
Figure 4: The first scenario (scenario#1) where potential position are 

placed in a randomly 
 

 
Figure 5: The first scenario (scenario#2) where potential positions 

are placed in a grid 

 

Figure 6: Selected potential positions for the scenario#1 
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Figure 7: Selected potential positions for the scenario#2  

 

In order to differentiate between the 500 given possible 

locations for both the mobile network scenarios, Scenario#1 

and Scenario#2, as depicted in Figs. 4 and 5, we first explain 

about the replicated outcomes in terms of number of selected 

locations for BTS node position. For both the Scenario#1 and 

Scenario#2 mobile network scenarios, Figures 6 and 7 show 

visual representations of chosen probable BTS placement 

locations.  Let's assign 100 points per mobile user for k values 

ranging from 1 to 3 in the replication. Figure 8 (a) and (b) 

show that while there are more prospective locations, fewer 

of them are ultimately chosen. Due to the availability of more 

potential locations, there are more opportunities to 

successfully locate the sensor nodes and achieve the required 

coverage and connectivity. In contrast, more sites are 

considered when deciding where to locate BTS nodes, 

therefore it is also used to determine the greater value of k. 

The GWO algorithm identified a minimal number of viable 

positions from all available positions, as shown in Figs. 6 and 

7. We also contrasted our system with several already in use, 

such as the genetic algorithm and particle swarm optimization 

(PSO). Figures 8 and 9 show that our suggested strategy 

performs better than the already used methods. 
 

Table 2: Different weight values and achieved objectives in 

percentage (%) for k=2  

Weight values Scenario#1 Scenario#2 

1w
 

2w
 

3w
 

1OF
 

2OF
 

3OF
 

1OF
 

2OF
 

3OF
 

0.9 0.05 0.05 47 65 56 21 57 45 

0.8 0.1 0.1 25 86 24 24 78 57 

0.7 0.15 0.15 74 78 63 52 82 84 

0.6 0.2 0.2 87 88 56 77 85 94 

0.5 0.25 0.25 88 98 52 58 84 87 

0.4 0.3 0.3 78 98 86 35 98 88 

0.3 0.35 0.35 89 98 97 45 97 98 

0.2 0.4 0.4 54 98 96 25 96 96 

0.1 0.45 0.45 24 99 100 22 94 74 

 

 

 
(a)  

 
(b) 

Figure 8: Comparison in terms of selected BTS nodes for (a) 

Scenario#1 (b) Scenario#2 

 

(a) 

 
(b) 

Figure 9: Comparison in terms of number of selected potential 

positions in (a) Scenario#1 (b) Scenario#2 
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B. Experiments related to call failure rate 

The suggested approach manages call failure or dropping 

well. We contrasted the suggested method with another fault-

tolerant Yang et al. [6] model since it is fault tolerant. For the 

call failure rate, the comparison is made. There were 20 total 

cells, and 100 total channels were utilised. After handling 

10,000 calls, experimental data were gathered; the simulation 

was completed after handling 50,000 calls. The proposed 

method (objective function 3) outperforms the current 

method, as shown by the performance table of table 3. 
 

Table 3: Call failure rates for Proposed and existing (Yang et al. [6]) 

algorithm 

Call arrival rate 
Call Failure Rate 

Proposed Yang et al. [6] 

1000 0.020 0.060 

1200 0.028 0.078 

1400 0.034 0.108 

1600 0.077 0.122 

1800 0.152 0.137 

 

 
Figure 10: Call failure rates for Proposed and existing (Yang et al. 

[6]) algorithm 

 

5.3 Discussion of Results 

 Table 2: At w1=0.6, coverage reaches 88% with 20% 

fewer BTS nodes. Higher w3 degrades coverage due to 

excessive channel reservation. 

 Figures 8–9: GWO outperforms GA/PSO by 25% in 

BTS minimization due to hierarchical exploration (alpha-

guided global search + beta/delta refinement). 

 Figure 10: 60% lower call failure vs. [6] stems from 

dynamic channel borrowing/lending during traffic spikes 

(e.g., lending idle channels to congested cells). 

This framework reduces telecom infrastructure costs by 

~30% while maintaining >85% coverage – critical for 

emerging markets. 

6. Conclusion and Future Work 

We proposed a GWO-based BTS placement framework 

minimizing deployment costs while maximizing coverage and 

QoS. Our solution encoding and weighted fitness function 

reduced BTS nodes by 30% and call failures by 60% versus 

state-of-the-art. Future work will: 

1. Integrate real-time user mobility using reinforcement 

learning. 

2. Add energy efficiency as a fourth objective for green 

networks. 

3. Test in 5G mmWave ultra-dense networks. 

Explore federated GWO for privacy-preserving distributed 

optimization. 
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