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Abstract - The growth of Internet of Things (IoT) networks has 

increased the need for network management that can handle 

devices using Software-Defined Networking (SDN). A key 

challenge in SDN-IoT systems is where to place the controllers, 

known as the Controller Placement Problem (CPP). This is a task 

that requires finding the best locations for controllers to reduce 

delay, increase reliability, and lower costs. Although several 

solutions have been proposed for the CPP, they have not been 

compared under fair and identical conditions. This study 

compares four algorithms: Social Network Search (SNS), Genetic 

Algorithm (GA), Particle Swarm Optimization (PSO), and a 

combination of Differential Evolution and Whale Optimization 

Algorithm (DEWO). We tested these algorithms under identical 

conditions on IoT networks of different sizes, ranging from 50 to 

1000 nodes. The results show that SNS achieves an average delay 

of 2.01 milliseconds across all network sizes and performs best 

overall. SNS is significantly better than GA. PSO is the fastest, 

taking 0.304 seconds to deploy a 1000-node network. These 

findings help researchers choose the most suitable algorithm for 

SDN-IoT deployments. The study provides a comparison that 

highlights the strengths and weaknesses of each algorithm and can 

guide future research in this area. 
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I. INTRODUCTION     

The confluence of Software-Defined Networking (SDN) 

and the Internet of Things (IoT) has heralded new possibilities 

for agile, centrally managed control over heterogeneous device 

landscapes [1–7]. SDN disentangles the control plane from the 

data plane, allowing widespread control of vast IoT 

implementations via specialized controller nodes [8–9]. With 

this design comes an unavoidable tradeoff: the Controller 

Placement Problem (CPP), which seeks to identify the most 

efficient collection of network nodes to function as controllers 

[10–15]. 

The CPP is known to be NP-hard [16], implying that exact 

solutions are infeasible for large scales. Controller placement 

plays a crucial role in propagation latency, network reliability 

under device/link failures, infrastructure cost, and load balance 

over the control plane. These conflicting objectives need to be 

optimized together to manage SDN-IoT efficiently, especially 

in complex use cases like smart cities and industrial automation. 

Several metaheuristic algorithms have been proposed for 

CPP, such as evolutionary [17], swarm intelligence [18], hybrid 

bio-inspired, and community-detection heuristics [19–22]. In 

our previous work [24], we showed that Social Network Search 

(SNS), which mimics people’s social interaction behavior, 

outperforms exhaustive optimum search. Unfortunately, there 

is an important missing piece: no side-by-side comparison of 

these metaheuristics has been performed on the same problem 

definition, exact networks, and testing conditions. 

This paper addresses this gap by presenting the first 

comprehensive benchmarking study of SNS, GA [25], PSO 

[26], and DEWO [27] for the CPP. The main contributions are: 

1. First systematic benchmarking under a unified fitness 

function. 

2. Evaluation across eight network scales (from 50 to 

1000 nodes). 

3. Multi-metric analysis of latency, execution time, 

reliability, controller count, and convergence. 

4. Statistical significance testing. 

The remainder of the paper is organized as follows. Section 

II describes related work. Section III describes the system 

model and problem formulation. Section IV describes the four 

compared algorithms. Performance evaluation is described in 

Section V. Finally, the paper is concluded in Section VI 

II. RELATED WORK 

Following the formalization of SDN architectures, the CPP 

has gained major research interest. Mehraghdam et al. [16] 

proved the NP-hard complexity of the CPP, which motivated 

heuristic approaches for large-scale deployments. Sallahi and 



St-Hilaire [10] proposed an ILP optimal model aiming to 

minimize the worst-case latency and offered a benchmark for 

comparing the heuristics. 

Evolutionary approaches include the submodularity-based 

framework by Tran et al. [17] that considers coverage, update, 

connectivity, quality and budget requirements. Choumas et al. 

[18] used integer quadratic programming (IQP) formulations 

for energy efficiency in IoT systems. Ali and Roh [19] applied 

the Analytical Network Process with graph clustering to SDN-

IoT smart cities. Keshari et al. [20] proposed DEWO, which 

combines Differential Evolution mutation with the spiral 

movement of Whale Optimization. Khera and Kurmi [21] 

improved cellular IoT networks using unsupervised machine 

learning integrated with Partition Around Medoids. 

Community-structure approaches include Abderrahmane 

and Drid [22], who combined Louvain detection with 

betweenness-centrality metrics, noting limitations in controller 

count minimization and capacity constraints. Our prior work 

[24] introduced SNS for the CPP, demonstrating 119.6-second 

execution for 1000-node deployments versus computationally 

infeasible exact methods beyond 300 nodes. The present work 

extends [24] by providing the first systematic head-to-head 

comparison of SNS against three competing metaheuristics 

under identical conditions and distribution models within an 

improved evaluation environment. A critical gap that the 

surveyed literature has not addressed. 

III. SYSTEM MODEL AND PROBLEM FORMULATION 

A. Network Model 

The SDN-IoT network is modelled as a weighted undirected 

graph ���, �, �� , where � � 	
�, 
�,∙∙∙, 
��  is the set of IoT 

nodes, � � 	��, ��,∙∙∙, ���  models physical communication 

links with propagation delays, and � ⊆ �  identifies the 

deployed controller set. Edge weights represent propagation 

delays uniformly distributed in [0.5, 3.0] ms. Network 

topologies are generated as Erdős-Rényi random graphs with 

edge probability � � ����0.03, 8 |�|⁄ � , guaranteeing 

connectivity across all tested scales. Fig. 1 illustrates the 

considered SDN-IoT system model and use-case scenario. IoT 

nodes and their links form the data plane; a subset of nodes 

selected by the CPP solver hosts the SDN controllers, which 

form the control plane and communicate with the devices 

through the southbound interface. The four compared 

metaheuristics run in the application/management plane, where 

every candidate placement is scored by the unified fitness 

function of Section III.B and the resulting best placement is 

deployed. This scenario is representative of large-scale 

deployments such as smart cities and industrial automation, in 

which every IoT device must reach its nearest controller with 

minimal latency. 

B. Unified Fitness Function 

All four algorithms are evaluated using the identical multi-

objective fitness function: 

���� � ������  ��!���  �"����  �#$���       (1) 

where � denotes the controller placement decision. ���� is the 

average shortest-path latency to the nearest controller; !��� 
characterizes the network's fault tolerance, including controller 

uptime, path redundancy, and failure resilience; ���� �
|�| |�|⁄  is the normalized controller count; and $��� penalizes 

overloaded controllers. Weights �� � 0.4 , �� � �" � �# �

0.2 prioritize latency minimization. All-pairs shortest paths are 

precomputed once per topology using Dijkstra's algorithm, 

enabling efficient repeated evaluations. 

 
Fig. 1 System model of the SDN-IoT environment with the compared 

CPP solutions 

IV. COMPARED ALGORITHMS 

A. Social Network Search (SNS) 

SNS [15, 24] models the dynamics of human social 

interaction. In each iteration, each agent updates its controller 

placement by one of four randomly selected behavioral modes: 

(1) Imitation: generating near copies of the current best 

solution, (2) Conversation: weighted combination of the best 

solution with a random candidate, (3) Disputation: combination 

of the inverse of a random solution with the best solution to 

simulate an adversarial dynamic, and (4) Innovation: 

exploration of uncharted regions by adding or deleting 

controllers. The probabilistic selection of the mode allows 

diverse exploration while taking advantage of the best-known 

configuration. The complete algorithm is shown in Algorithm 

1. 

B. Genetic Algorithm (GA) 

GA [25] evolves a population of controller configurations 

through tournament selection (size 3), uniform crossover 



combining the union of two parent sets, and bit-flip mutation 

(rate 0.15). Elitism preserves the best solution across 

generations. The variable-length chromosome encodes 

controller node indices, with crossover offspring sized at the 

mean of their parents. The complete algorithm is shown in 

Algorithm 2. 

 

C. Particle Swarm Optimization (PSO) 

PSO [26] maintains a swarm of particles, each encoding a 

continuous probability vector over all network nodes. 

Controller selection is performed using a threshold of � > 0.5, 

with top-k nodes by probability assigned as controllers. Position 

updates follow standard PSO dynamics: inertia weight � �

0.729, cognitive and social acceleration coefficients +� � +� �

1.494, balancing exploration and exploitation throughout the 

search. The complete algorithm is shown in Algorithm 3. 

D. Differential Evolution with Whale Optimization 

(DEWO) 

DEWO [27] hybridizes Differential Evolution (scale factor 

� � 0.5 , crossover rate �! � 0.7 ) with the Whale 

Optimization Algorithm's spiral and shrinking encircling 

mechanisms [28]. At each iteration, agents probabilistically 

select between a DE trial vector and a WOA position update, 

combining DE's directed mutation with WOA's nonlinear spiral 

exploration for enhanced solution space coverage. The 

complete algorithm is shown in Algorithm 4. 

 

V. PERFORMANCE EVALUATION 

A. Experimental Setup 

Experiments use eight Erdős-Rényi IoT topologies: |�| ∈
	50, 100, 150, 200, 300, 500, 700, 1000�  nodes. Population 

sizes scale from 20 (≤300 nodes) to 10 (1000 nodes); iteration 

counts from 100 to 35, respectively, to maintain feasibility at 

scale. Each configuration is independently repeated several 

times with different random seeds; reported values are means. 

Experiments are implemented in Python 3 using NumPy, 

NetworkX, multiprocessing, and SciPy on a dual Intel Xeon 

workstation. Several enhancements were made to the original 

code to improve execution performance, such as the 

exploitation of parallelism and modifications to loop blocks to 

reduce redundant executions. Consequently, the results differ 

from those reported in our original paper [24]. 

B. Execution Time 

As shown in Table I and Fig. 2, PSO achieves the fastest 

execution times across all scales due to its fully vectorized 

position updates. PSO completes 1000-node deployments in 

0.304 s, versus 0.354 s (SNS), 0.349 s (DEWO), and 0.374 s 

(GA). All four algorithms complete the largest tested topology 

(1000 nodes) in well under one second (0.30–0.37 s), as 

reported in Table I; the execution times therefore lie in the sub-

second range across all scales. GA exhibits the highest overhead 

due to list-based chromosome operations. PSO's speed 

advantage over SNS is statistically significant (� � 0.002 , 

Table II). The difference in execution time compared to our 

previous results [24] arises because we used the 

multiprocessing library in our Python code, which made the 



execution time significantly faster by leveraging multiprocessor 

concurrent execution. 

Table I: Execution Time Comparison (Seconds) 

Nodes SNS GA PSO DEWO 

50 0.21 0.25 0.13 0.22 

100 0.25 0.29 0.17 0.29 

200 0.42 0.45 0.26 0.39 

300 0.54 0.58 0.33 0.48 

500 0.47 0.50 0.34 0.42 

700 0.38 0.42 0.31 0.36 

1000 0.35 0.37 0.30 0.35 

 

 
Fig. 2 Execution time vs. network size 

 

 

 

C. Average End-to-End Latency 

        Fig. 3 plots latency versus network size. SNS shows the 

lowest latency across all tested scales (mean overall: 2.01 ms). 

DEWO (2.1 ms) and PSO (2.069 ms) show similar intermediate 

performance, while GA consistently has the highest latency 

(2.116 ms). One interesting trend is the decrease in latency with 

increasing network size. Larger topologies allow a finer-grained 

placement of controllers and hence shorter average node-to-

controller distances. For 1000 nodes, SNS achieves 1.800 ms 

while GA achieves 1.839 ms. The superiority of SNS over GA 

is statistically significant (� � 0.030, Table II). 

 
Fig. 3 Average end-to-end latency vs. network size. SNS consistently 

achieves the lowest latency 



D. Network Reliability 

      All four algorithms achieve about 90% reliability for all 

eight topologies tested (Fig. 4), ensuring that almost every IoT 

node has a path to controllers. The uniformity of results shows 

the robustness of the metaheuristic controller placement, but 

also points out the lack of sufficient differentiation in this metric 

in the tested Erdős-Rényi topologies with relatively high edge 

density. Future work should examine reliability under sparser 

topologies and explicit link failure scenarios to better 

discriminate algorithm performance on this dimension. 

 
Fig. 4 Network reliability (%) vs. network size. All algorithms 

achieve around 90% across all scales 

E. Controller Count 

      Fig. 5 shows the number of controllers deployed. PSO and 

DEWO utilize the same search bounds, which is why they 

returned identical controller counts at all scales. GA and SNS 

consistently use fewer controllers (e.g., 113 and 110, 

respectively, versus 125 at 1000 nodes). For GA, however, the 

reduced number of controllers comes at the expense of 

increased latency and lower global fitness, which is an 

undesirable trade-off in most deployment scenarios, where 

Quality of Service is of primary concern. 

 
Fig. 5 Number of deployed controllers vs. network size 

F. Convergence Analysis 

      The convergence curves for three typical scales are plotted 

in Figs. 6, 7 and 8. Both SNS and DEWO demonstrate rapid 

initial gain and then gradual refinement, suggesting structured 

exploitation of the current best solution. PSO converges fast on 

early iterations but exhibits a plateau effect in large search 

spaces, which shows a premature convergence. GA has the 

slowest convergence because of the genetic drift in the early 

evolution. The profiles corroborate the balanced exploration–

exploitation dynamics of SNS as a structural advantage of its 

four-mode framework. 

 
Fig. 6 Convergence curves at 100 nodes 

G. Statistical Analysis 

The results of the Wilcoxon Rank-Sum test for all eight 

network scales are shown in Table II. Significance codes: � <

0.01 , � < 0.05 , ns = not significant. Statistically, SNS is 

significantly better than GA in latency (� � 0.030) and fitness 

(� � 0.035). The differences between SNS and DEWO or PSO 

consistently favor SNS but do not reach statistical significance 

within the tested scale range, indicating competitive 

performance. The advantage of PSO over SNS in execution 

time is statistically significant (� � 0.002). 

 
Fig. 7 Convergence curves at 300 nodes 

VI. CONCLUSION 

This paper is the first systematic benchmarking of four 

metaheuristic algorithms, SNS, GA, PSO, and DEWO, for the 

CPP in SDN-IoT networks under a unified experimental setting. 

We experiment on eight network scales (from 50 to 1000 nodes) 

and confirm that SNS achieves the best performance in terms of 

latency (mean 2.01 ms) and composite fitness and outperforms 

GA significantly ( � < 0.05 ). PSO has the best execution 

efficiency (0.304 s with 1000 nodes), while DEWO provides 

reliable second-best solution quality. All algorithms achieve 

around 90% reliability at the tested distribution and density of 

the networks. These results provide a useful benchmark for 



algorithm selection in SDN-IoT deployments: SNS if solution 

quality is prioritized, PSO if execution speed is prioritized, and 

DEWO as a reliable quality-speed compromise. Future 

directions include energy-aware fitness functions incorporating 

deployment costs, dynamic topology adaptation for mobile IoT, 

multi-domain deployments, evaluation under fault-prone sparse 

topologies, and integration of reinforcement learning for real-

time controller replacement in evolving IoT ecosystems. 

 
Fig. 8 Convergence curves at 500 nodes 

Table II: Statistical Significance - Wilcoxon Rank-Sum Tests 

Metric Comparison p-value Sig. Winner 

Latency (ms) SNS vs GA 0.030 * SNS 

Latency (ms) SNS vs PSO 0.080 ns SNS 

Latency (ms) SNS vs DEWO 0.257 ns SNS 

Fitness F(x) SNS vs GA 0.035 * SNS 

Fitness F(x) SNS vs PSO 0.083 ns SNS 

Exec. Time SNS vs PSO 0.002 ** PSO 
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