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ABSTRACT  ARTICLE INFO 
Wireless Sensor Networks (WSNs) play a crucial 
role in monitoring and surveillance, yet random 
deployment often causes uneven coverage and 
redundant sensing. This study introduces a Chaos-
Enhanced Superb Fairy-wren Optimization 
Algorithm (CE-SFOA), which integrates chaotic 
dynamics through a Cubic map into the position 
update and parameter control mechanisms. The 
chaotic modulation enhances population diversity, 
balances exploration and exploitation, and 
mitigates premature convergence. Experiments 
across three deployment scenarios show that CE-
SFOA consistently achieves higher coverage and 
faster convergence than SFOA and seven 
competing metaheuristics, yielding 5.32–6.65% 
coverage improvement over the baseline. These 
findings demonstrate that chaotic modulation is an 
effective strategy for enhancing metaheuristic 
performance in WSN coverage optimization. 
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1   Introduction 
The applications of Wireless Sensor Networks (WSNs) are diverse and range from disaster 
management and environmental monitoring to detection of earthquakes and floods and security 
purposes. The systems are comprised of numerous sensor nodes with low power consumption and 
robust sink strength that jointly forge communication channels under specified transmission 
restrictions. WSNs are especially prized for convenience in deployment and effective coordination 
in dynamic situations. Each sensor node is inherently limited in terms of storage capacity, 
accessible power, range of sensing, and computing power [1]. Of the performance indicators of 
WSNs, coverage stands supreme and acts as a primary indicator of quality of service [2]. The 
conventional random deployment methods often yield highly unbalanced distributions with wide 
portions of uninhibited areas and excessive overlaps of high densities. Such imbalances not only 
render detection ineffective but also render resource utilization inefficient. Therefore, researchers 
have increasingly turned to deployments that adapt to more evenly spread sensor placement and 
hence lower the deployment expense while providing a higher quality of service [3]. Figure 1 is 
an overview of the classification of WSN coverage problems. 

 

 
  

Fig 1: Classification of WSN Coverage Problem 
 

To keep the number of nodes to a minimum in the optimization of WSNs, people have increasingly 
looked at the nature-inspired metaheuristic algorithms because they are simple to understand with 
basic concepts that only require a small set of parameters and are equally simple to code. Such 
techniques are evolutionary, like Genetic Algorithm (GA) [4] and swarm intelligence, like Particle 
Swarm Optimization (PSO) [5] or Grey Wolf Optimization (GWO) [6]. Physics-inspired 
techniques like Fick's Law Algorithm (FLA) [7] and human-inspired techniques like Teaching-
Learning-Based Optimization (TLBO) [8] are also examples of the techniques. The various works 
in the past served to establish the effectiveness of the algorithms to optimize the deployment of 
the sensors. Nonetheless, the No Free Lunch theorem (NFL) [9] identifies that no optimization 
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algorithm is perfect for all occasions because each has defects in specific scenarios. Their 
motivation has resulted in the continued invention of new metaheuristic strategies. Heming Jia et 
al. created the Superb Fairy-wren Optimization Algorithm (SFOA) [10], a strategy with roots in 
the natural behaviors of the Superb Fairy-wren and consisting of stages like the juveniles 
developing, breeding, and feeding, and evasive maneuvers against predators. SFOA has been 
successfully applied to solve numerical optimization, engineering design applications, and feature 
selection in high-dimensional spaces. Most of the metaheuristic algorithms evolve in the following 
format: the researchers overcome defects in exploration and exploitation with the introduction of 
refinements. These refinements often involve mechanisms like transfer functions, Lévy flight 
maneuvers, opposition-based learning, Nelder–Mead approach, elitist methods, and the many 
operators of mutation [11,12]. Continuing this line of research, the use of the theory of chaos itself 
is seen to be a highly promising line of development of the efficiency of the studied metaheuristics 
at the current time. 

2   Background 
The design of the SFOA with chaos improvement needs to have three fundamental building blocks 
of knowledge. First, the WSN coverage model explains the sensor location that determines the 
covered area and how coverage holes must be plugged. Second, metaheuristic algorithms provide 
adaptive, nature-inspired search mechanisms capable of optimizing sensor placement, though 
potentially becoming trapped in local optima. Finally, chaos theory provides mathematical 
mappings (e.g., the Cubic map) that have structured randomness in algorithm parameters and 
therefore preserve population diversity while accelerating convergence. Each of these building 
blocks is elaborated on in the following subsections. 

 

2.1   WSN Node Coverage Model 

Consider a two-dimensional WSN monitoring area A  with size of 2M N m  in which q  sensor 

nodes are randomly deployed. The set of nodes is represented as  1, , qS S S  , where each node 

iS  has coordinates  ,i ix y , for 1,...,i q . The network model for this monitoring region is defined 

by the following assumptions: 

 All sensor nodes are homogeneous, sharing identical parameters, structure, and 
communication capabilities. 

 Each node has sufficient energy, functional communication ability, and timely data 
accessibility. 

 Nodes can move freely and update their location information dynamically. 
 Each sensor node has a sensing radius sR  and a communication radius cR  (measured in 

meters), with the condition that 2c sR R . 
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The sensing region of each node is modeled as a circular area with radius sR .Let there be m  target 

monitoring points in the WSN region, denoted as  1, , nT T T  , where the coordinates of each 

target point jT  are  ,j jx y , for 1,...,j m . A target point jT  is considered covered if the 

Euclidean distance between jT  and any sensor node iS  is less than or equal to sR . The Euclidean 

distance is given by: 

       2 2
, 1i j i j i jd S T x x y y     

The Boolean sensing model is adopted. Where coverage is binary, if  ,s i jR d S T , then the 

probability that iS  covers jT  is 1; otherwise, the probability is 0. Formally, if ijp  denotes the 

probability that sensor node iS  covers target point jT , then: 

 
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Target points may be monitored by multiple nodes simultaneously. The combined probability that 
target point jT is covered can be defined as: 
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The coverage rate is defined as the ratio of the monitored area to the total region A , given by: 
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Based on this formulation, the WSN node coverage optimization problem can be expressed as an 
integer linear programming (ILP) model: 

MaximizeCov  

subject to: 

1. Each target point jT  satisfies the joint sensing probability constraint. 

2. The total monitored area does not exceed A . 

3. The Euclidean distance between any sensor node iS  and a target point jT  remains within 

the sensing radius sR . 
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Figure 2 illustrates an example of sensor node coverage, where each node monitors a circular 
region, and target points may be located either inside or outside the range. The diagram highlights 
covered and uncovered points to clarify how coverage is evaluated. 

 

 

Fig 2: Example of WSN coverage model. 

 

For networks containing a large number of sensor nodes, solving the ILP problem to obtain an 
exact optimal solution becomes computationally expensive. Metaheuristic algorithms represent a 
more suitable alternative, as they can deliver near-optimal solutions within practical computational 
limits. A Chaos-Enhanced Superb Fairy-wren Optimization Algorithm (CE-SFOA) is introduced 
to address the coverage optimization problem in WSNs [13]. 

 

2.2   Metaheuristic Algorithms 

Solving the WSN coverage problem with metaheuristic algorithms requires determining an 
efficient configuration of sensor nodes that maximizes the monitored area while reducing 
redundancy and minimizing uncovered regions. Each candidate solution is expressed as a position 
vector specifying the placement of sensors within the monitoring region. Solution quality is 
assessed through a fitness function that measures the achieved coverage rate. 

The optimization process typically begins with the generation of an initial population of potential 
solutions, as shown in Fig. 3. The process follows a series of iterations where new solutions are 
generated by position-update mechanisms through emulation of natural behaviors such as 
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attraction, repulsion, or random movement. Operators like Lévy flight are generally employed to 
give exploratory steps of great magnitude, which assist in drifting away from local optima and 
enhance the capacity for global search. Candidate solutions are evaluated in every iteration, and 
improved solutions are preserved for progressing to the next generation. This continues until a 
stopping condition is reached, e.g., achieving a defined number of iterations or a desired coverage 
target. Figure 3 depicts the generic process of a metaheuristic algorithm for optimizing WSN 
coverage, consisting of population initialization, fitness evaluation, repeated solution generation 
by nature-inspired techniques, and termination at the stopping criterion. 

 

 
  

Fig 3: General process of a metaheuristic algorithm for WSN coverage optimization. 
 

Upper-level metaheuristic methods can employ chaos-based initialization, self-tuning parameter 
control, or hybrid approach strategies to maximize convergence performance and solution quality. 
These techniques find particular value in large-scale WSN scenarios where both computational 
cost and coverage capability are key determinants. 

 

2.2.1   Superb Fairy-wren Optimization Algorithm (SFOA) 

The Superb Fairy-wren Optimization Algorithm (SFOA) is a nature-inspired metaheuristic 
introduced in 2025. The method emulates superb fairy-wrens' survival and social strategies in the 
form of small birds that are noted for cooperative breeding behaviors and their predator evasion 
mechanisms. In the algorithm, each potential solution is modeled as an individual bird that goes 
through three phases of behavior: juvenile growth, cooperative breeding and resource sharing, and 
predator defense. The first stage emphasizes exploration, the second emphasizes exploitation 
within the local neighborhood, and the third provides more exploitation along with mechanisms to 
escape from local optima. 
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Young birds growth stage 

The Young birds growth stage reflects exploratory behavior exhibited by inexperienced young 
birds. Candidate solutions are updated frequently to enable broad exploration of the search space 
and to reduce the likelihood of premature convergence. The position update rule is expressed as 

        1 5t t
ij ijX X lb ub lb rand       

where  1t
ijX   denotes the updated position of the -thi  solution in dimension -thj  after iteration 

1t  ,  t
ijX  denotes the previous position, and rand  is a uniformly distributed random variable 

within  0,1 . Frequent updates at this stage encourage exploration across the solution space. 

Breeding and feeding stage 

The breeding and feeding stage models the cooperative interactions of superb fairy-wrens, 
including egg guarding and paternity assurance. In the algorithm, entry into this stage is governed 
by a calculated danger threshold s : 

 1 220 20 6s r r     

where 1r  and 2r  are normally distributed random values. When the risk level is below the threshold, 

individuals engage in behaviors analogous to feeding and teaching, resulting in small, directed 
positional adjustments that refine local exploitation. The position update is defined as 

      1 7t t
ij G b ijX X X X p      

With 

 8G bX X C   

      sin 2 9p ub lb ub lb m     

 
max

2 10
t

m
T

 
  
 

 

In these equations, bX  denotes the global best solution, C  is a constant equal to 0.8, t  is the 

current iteration, and maxT  is the total number of iterations. As the optimization progresses, 

individuals perform increasingly refined movements, which improve solution accuracy during 
later stages of the search. 

Predator Avoidance Stage 

The predator avoidance stage simulates evasive behaviors observed in superb fairy-wrens. Birds 
confronted by predators perform rapid escape maneuvers, emit warning signals, and display erratic 
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wing movements to confuse attackers. Within the algorithm, this behavior is modeled through a 
combination of local adjustments and long-range evasive movements. The position update 
equation is 

     1 11t t
ij b ijX X X l k      

where l  is a Lévy flight-based random step size enabling long-distance jumps, and k  is an 
adaptive balance factor defined as 

 0.2 sin 12
2

k w
    
 

 

With 

 
max

13
2

t
w

T


   

The parameter w  represents a call frequency value regulating the unpredictability and intensity of 
escape maneuvers. Incorporation of the global best position bX  directs individuals toward 

promising regions of the search space while reducing evaluations of low-quality areas, which 
improves convergence efficiency [10]. 

 

2.3   Chaos Theory and Cubic Map 

Chaos has been defined as unpredictable-appearing behavior in nonlinear deterministic systems. 
Given that these systems evolve under strict regulations, their trajectories can appear to be 
unpredictable due to these systems being highly sensitive to their initial conditions, most 
commonly referred to as the butterfly effect or Lyapunov instability [14]. Very small differences 
in the initial conditions may produce very distinct sequences, something very much desired in 
population-based metaheuristic algorithms, where it is desirable to avoid premature convergence. 

Chaotic maps are frequently integrated into optimization methods to introduce irregular, non-
repetitive dynamics. Within the proposed CE-SFOA algorithm, the Cubic map is adopted for 
generating chaotic sequences used in parameter control and position updates. The Cubic map is a 
one-dimensional polynomial map capable of producing chaotic trajectories within the interval 

 0,1 . Its mathematical formulation is given in Eq. (14) [15, 16]: 

   2
1 1 14t t tx x x      

where  0,1nx   and   represents the control parameter. For 2.59  , the system exhibits 

chaotic behavior with strong ergodicity and high sensitivity to initial conditions. 
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Figure 4 shows the chaotic sequence generated by the Cubic map with 2.59  , illustrating its 

irregular, non-repetitive behavior and uniform coverage of the interval  0,1 . The sequence 

properties support effective exploration and exploitation in metaheuristic optimization. 

 
Fig 4: Visualization of the Cubic map 

 
 

3   Related Works 

The Wireless Sensor Networks (WSNs) received a lot of interest due to the unprecedented 
utilization of the networks. The node coverage optimization is the main factor in the deployment 
of the WSNs in a quest to expand the performance of networks and decrease the energy 
consumption. The coverage holes result from the conventional methods of deployment of the 
nodes in combination with the redundant deployment and the resource waste. Hence, the various 
metaheuristics methods were put forward in a quest to combat the challenges in a competent way. 
Various bio-inspired metaheuristic algorithms were introduced in an effort to improve the 
coverage of the WSNs. 

Evolutionary-based approaches, such as Genetic Algorithms (GAs) [17] and Differential 
Evolution (DE) [18], are commonly used in WSN optimization. Animal behavior-driven methods, 
like the Grey Wolf Optimizer (GWO) [19], Salp Swarm Algorithm (SSA) [20], and Butterfly 
Optimization Algorithm (BOA) [21], are favored for adaptability and strength in node coverage 
optimization. Physics-driven algorithms like Simulated Annealing (SA) [22], and the Sine–Cosine 
Algorithm (SCA) [23], are utilized for evading local optima. Human behavior-driven models like 
Teaching–Learning-Based Optimization (TLBO) [24], and the Imperialist Competitive Algorithm 
(ICA) [25], also proved successful in sensor node deployment. Specific studies actually tried to 
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improve WSN coverage using different varieties of the metaheuristic algorithms. ZainEldin et al. 
[26] proposed an Improved Dynamic Deployment Technique based on Genetic Algorithm (IDDT-
GA) for maximizing the area coverage through a new two-point crossover of variable-length 
encoding, although the GAs are prone to becoming computationally expensive, and more work is 
required regarding probabilistic models and power consumption. Wei et al. [27] developed a Multi-
Strategy Pelican Optimization Algorithm (MSPOA) for Agricultural WSNs, integrating good 
point sets, 3D spiral Lévy flight, and adaptive T-distribution variation, though acknowledging 
potential for uncovered areas in highly complex scenarios and high computational cost for large-
scale applications. Jianlan et al. [28] proposed an Improved Sparrow Search Algorithm (ISSA) 
using a good point set, adaptive learning factor, and refraction reverse learning, noting that while 
standard SSA is prone to local optima, the coverage improvement from ISSA might not always be 
substantial. Yong et al. [29] proposed a Simulated Annealing-optimized Grey Wolf Algorithm 
(SA-GWO) that is especially designed to handle the low coverage rate and high node aggregation, 
but prone to slow convergence and local optimum in itself, and only covering static WSNs in the 
paper. Cheng et al. [30] proposed an Energy-enhanced Fruit Fly Optimization Algorithm (E-FOA) 
that is an extended version of the conventional FOA framework with the additional capability of 
residue energies being tracked in an attempt to reduce dead nodes and maximize network lifetime 
with superior overall performance but warned that the superiority of the coverage rate in the 
majority of the examples frequently becomes irregular ones and the eventual coverage is not 
necessarily at the optimum level. A table of the above-mentioned works with the proposed 
algorithms and the methods of comparison utilized and defects encountered is tabulated in Table 
1. 

 

Paper Year Algorithm(s) Compared Methods Disadvantage(s) 

[26] 2020 IDDT-GA  
HS, CM-IA, MADA-

WOA 
Assumes obstacle-free deployment and risks 

connectivity issues with very low node counts. 

[27] 2025 MSPOA  
IABC, CAFA, APSO, 

LCSO 
Potential for uncovered areas in complex scenarios and 

high computational complexity. 

[28] 2023 ISSA  
SSA, ESSA, IGWO, 

LSSA, XSSA 
limited coverage improvement and power-constrained 

environments. 

[29] 2021 SA-GWO  PSO, GWO 
Focuses on static WSNs; potential for excessive node 

aggregation in some areas. 

[30] 2023 E-FOA  FOA 
Coverage rate increase can be erratic and the final 
coverage rate is not always as high as expected. 

 
Table 1: A summary of related works 

 

4   Proposed Chaos‐Enhanced SFOA (CE-SFOA) 

This section introduces the Chaos-Enhanced Superb Fairy-wren Optimization Algorithm (CE-
SFOA) developed for Wireless Sensor Network (WSN) coverage optimization. The proposed 
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approach enhances the exploration and convergence behavior of the original SFOA by integrating 
chaotic dynamics into key algorithmic components. Specifically, CE-SFOA introduces chaos-
based mechanisms into the young birds' position update strategy and directly modulates the 
behavioral parameters k  and p  using a Cubic map. These modifications are intended to increase 

population diversity, mitigate the risk of premature convergence, and enable dynamic adaptation 
of the search process over the course of optimization. 

 

4.1   Chaotic Position Update 

In the original SFOA, young birds update their positions using a uniformly distributed random 
component to simulate natural exploration. In CE-SFOA, this random element is replaced with a 
chaotic value derived from the Cubic map sequence. This substitution introduces deterministic yet 
irregular fluctuations, improving the algorithm’s capacity to explore the search space efficiently. 

The updated position equation is: 

          1 15t t
ij ijX X lb ub lb chaos t       

Here,  t
ijX  represents the current position of the -thi  individual in the -thj  dimension, while lb  

and ub  define the lower and upper bounds of the search space. The replacement of purely random 
sampling with chaotic sequences allows for more dynamic trajectory adjustments and reduces the 
risk of early convergence. 

 

4.2   Chaos-Controlled Parameter Adjustment 

To further enhance adaptability, CE-SFOA applies chaos directly to the two key behavior 
parameters, k  and p . These parameters control the level of exploration and the probability of 

interaction among individuals, making them critical to the overall search dynamics. The auxiliary 
variables m  and w , already defined in Eq. (10) and Eq. (13), are first computed in their standard 
time-dependent form. Using these values, the chaos-enabled parameters are expressed as: 

        sin 2 16p ub lb ub lb m chaos t        

   0.2 sin 17
2

k w chaos t
     
 

 

where  chaos t  is generated by the Cubic map. 

By multiplying k  and p  with the chaotic sequence, CE-SFOA introduces irregular yet bounded 

variability into the birds’ behavioral parameters. This mechanism avoids repetitive patterns, 
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preserves population diversity during the early search phase, and improves exploitation in the later 
phase, resulting in more efficient convergence for WSN coverage optimization. 

 

4.3   CE-SFOA Algorithm 

The flowchart of the proposed Chaos-Enhanced Superb Fairy-Wren Optimization Algorithm (CE-
SFOA) is shown in Fig. 5. It presents the logical sequence of processes from initialization to 
convergence, and the detailed algorithmic steps are described as follows: 

Step 1: The essential parameters of the algorithm, such as population size N , the maximum 
number of iterations _Max iter , problem dimension Dim , sensing radius sR , and monitoring area 

size M , are initialized. The fitness function is defined according to the WSN coverage model. 

Step 2: The initial population of candidate solutions (fairy-wrens) is generated randomly within 
the search space. Each individual represents a possible configuration of sensor nodes. The chaotic 
sequence is produced using the Cubic map. 

Step 3: Behavioral control parameters k  and p  are initialized and adjusted by chaotic modulation. 

This adaptive control mechanism enables dynamic adjustment of exploration and exploitation 
capabilities during the optimization process. 

Step 4: The fitness value of each individual is calculated based on the achieved network coverage 
ratio. The best individual in the current iteration is identified and stored as the temporary global 
best solution. 

Step 5: For each iteration _t Max iter , every individual updates its position according to the 

behavioral stage determined by the current iteration and the computed danger factor s : 

 If the exploration condition is satisfied, the Young Birds Growth Stage is executed, and 
positions are updated using chaotic perturbation Eq. (15) to improve diversity. 

 When s  is below the danger threshold, the Breeding and Feeding Stage begins, enabling 
individuals to move toward the global best using Eq. (7) with refined local search using the 
control parameter p  by Eq. (16). 

 When s  exceeds the threshold, the Predator Avoidance Stage is triggered, applying Lévy 
flight-based position update using Eq. (11) with chaos control parameter k  by Eq. (17) to 
escape local optima and maintain population variability. 

Step 6: After each behavioral update, the global best solution is updated if a higher coverage value 
is obtained. The iteration counter is then incremented. 

Step 7: The chaotic control continues to regulate both position updates and behavioral parameters 
across iterations, ensuring ergodicity and stable convergence toward the global optimum. 
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Step 8: If the maximum iteration count is not reached, the algorithm returns to Step 5; otherwise, 
the optimization terminates, and the best solution that represents the optimal sensor node 
deployment configuration is output. 

 

 
 

Fig 5: Flowchart of CE-SFOA 
 

Algorithm 1 outlines the operational structure of the Chaos-Enhanced Superb Fairy-wren 
Optimization Algorithm (CE-SFOA).  

 

Algorithm 1: Pseudo-code of the CE-SFOA 

 

Inputs:   N: population size 
               Dim: problem dimension; 
               Max_iter: maximum number of iterations 
               Fitness: fitness function 

 Outputs:  Best solution x_best 
1. X=initialize N population with dimensions Dim 
2. Initialize chaotic map Chaos(t) 
3. Initialize the parameters 
4. While ( _t Max iter ) do 

5.     Evaluate fitness of each individual 
6.     For each fairywren do 
7.         If 0.5r  : 
8.             Chaotic position update using Eq. (15) (Young birds growth stage) 
9.         Else: 

10.             Calculate danger factor s  using Eq. (6) 
11.             If 20s  : 

12.                 Calculate p  using Eq. (16) 

13.                 Update position of each individual using Eq. (7) (Breeding and feeding stage) 
14.             Else: 
15.                 Calculate k  using Eq. (17) 
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16.                 Update position of each individual using Eq. (11) (Avoiding natural enemies stage) 
17.             End if 
18.         End if 
19.     End for 
20.     Update global best 
21.     1t t   
22. End while 
23. Return X_best 

  

 

Adding chaos into CE-SFOA is theoretically motivated by the ability of chaotic motions to 
improve exploration diversity, nonlinearity, and the balance between exploration and exploitation. 
There are several pros that could be highlighted: 

 Chaotic modulation of parameter k  allows dynamic adjustment of exploration intensity 
across iterations, improving the search in early stages. 

 Parameter p  under chaotic modulation imposes random variations of interaction chances 

to elevate flexibility in a variety of WSN topologies. 
 Color chaotic map update substitutes the uniformly random term with the Cubic map, and 

produces non-repeating but bounded trajectories with efficient coverage of space. 
 Increased diversity and strength are obtained because the cubic map's high-quality 

randomness and ergodicity fortify the algorithmic ability to escape stagnation. 
 Balanced convergence is supported as chaotic scaling enables a smooth transition from 

exploration to exploitation, improving convergence stability.  

Overall, the changes made to CE-SFOA that make things more chaotic make the search mechanism 
stronger and more flexible. In the early versions, it lets you explore the whole world, and in later 
versions, it lets you search more precisely in your own area, which leads to better coverage 
solutions in WSN scenarios. 

 

5   Experimental results 

5.1   Experimental Environment 

The proposed CE-SFOA algorithm and all comparison methods were implemented in Python 3.12 
environment on a computer with a 64-bit Windows 11 operating system, the CPU is Intel Core i7-
11800H, and the memory is 16 GB. This configuration ensured the consistent and reliable 
execution of all experiments. 

 

5.2   Simulation Scenarios and Algorithm Comparison 

In order to fully assess the performance of the CE-SFOA for the coverage analysis of WSNs, three 
simulation scenarios with varied sizes, sensors, and sensing range requirements were designed. 
The details of each scenario are listed in Table 2. In the first scenario, the size of the selected area 
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was fixed at 220 20 m , the total number of sensors was set to 24, and the sensor viewing distance 

was set to 2.5m . In the second scenario, the size of the selected area was fixed at 250 50 m , the 

total number of sensors was set to 35, and the sensor viewing distance was set at 5m . In the third 

scenario, an area size of 2100 100 m , a total of 25, and the sensor’s viewing distance was set at 

10m . In all three cases, the total number of iterations remained constant at 500 simulation cycles. 

 

Parameters Scenario 1 Scenario 2 Scenario 3 

Area size 220 20m  250 50 m  2100 100m  

Number of nodes 24  35  25  

Node-sensing radius 2.5m  5m  10m  

Communication radius 5m  10m  20m  

Maximum iteration 500  500  500  

 
Table 2: Parameter settings 

 

The new CE-SFOA was compared with seven existing optimization algorithms, including the 
Superb Fairy-wren Optimization Algorithm (SFOA), Genetic Algorithm (GA), Pelican 
Optimization Algorithm (POA) [31], Coyote Optimization Algorithm (COA) [32], Osprey 
Optimization Algorithm (OOA) [33], Zebra Optimization Algorithm (ZOA) [34], and Tuna Swarm 
Optimization (TSO) [35]. The parameter settings for these algorithms are listed in Table 3. To 
obtain valid statistics, each algorithm was run individually 10 times for each scenario. 

 

Comparison Algorithm Parameter Settings 

GA 30, 0.7, 0.3c mN p p    

POA 30N   

COA 30, _ 5N n coyotes   

OOA 30N   

ZOA 30N   

TSO 30, 0.7, 0.05N a z    

Table 3: parameters of all algorithms 
 

5.3   Simulation Results and Analysis 

The simulation results of the proposed CE-SFOA algorithm are presented under various WSN 
scenarios with different randomly deployed sensor nodes. In the dense deployment (Scenario 1), 
the convergence pattern in Fig. 6 shows that CE-SFOA achieves faster and smoother convergence 
than competing algorithms due to its dynamic chaotic operators. The chaotic position update 
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mechanism introduces bounded, non-repetitive perturbations that enhance local exploration while 
preventing redundant searches. Simultaneously, adaptive modulation of behavioral coefficients 
enables an effective transition from global exploration to local exploitation, which is crucial in 
dense networks where optimal node placements are concentrated in narrow feasible regions. 

 

Fig. 6: Coverage rate curves of the eight algorithms (Scenario 1) 
 

Figure 7 illustrates that CE-SFOA achieves a more uniform node distribution and larger coverage 
area compared with other algorithms. Although minor uncovered areas remain, nearby sensors 
effectively perceive those regions, indicating an optimal coverage scheme. Across all three 
scenarios, CE-SFOA consistently provides high coverage performance. In contrast, excessive 
random movement in GA and POA leads to node overlap, whereas premature convergence in COA 
and OOA produces uncovered areas. The ergodic properties of the Cubic map balance search 
trajectory distribution, maintaining diversity and convergence efficiency. Consequently, CE-
SFOA achieves faster and more stable convergence toward optimal configurations, reflecting an 
efficient coordination between exploration and exploitation absent in conventional metaheuristics. 

As shown in Fig. 8, the medium-scale deployment scenario (Scenario 2) demonstrates that CE-
SFOA converges faster and more stable than the comparative algorithms, highlighting its ability 
to balance exploration and exploitation effectively. The chaotic position update introduces 
controlled irregular perturbations that prevent stagnation around local optima. This limitation is 
observed in GA and POA, whose mutation and spiral movements follow fixed probabilistic or 
geometric patterns. As the search space expands, CE-SFOA adaptively modulates its control 
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parameters, gradually reducing exploration pressure while strengthening exploitation near 
convergence. This adaptive mechanism offers greater flexibility than the fixed crossover 
probabilities in GA or the deterministic pursuit strategy in POA. The smooth convergence trend 
of CE-SFOA also reflects efficient computational resource utilization, as fewer iterations are 
needed to achieve high coverage levels. In contrast, COA, OOA, and ZOA exhibit stagnation 
plateaus because their operators lack chaotic feedback mechanisms to restore diversity after 
population contraction. 

    

    
 

Fig.7: Sensor node deployment diagram of different algorithms (Scenario 1) 
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Fig. 8: Coverage rate curves of the eight algorithms (Scenario 2) 
 

Figure 9 shows that CE-SFOA achieves the largest and most uniform coverage area, effectively 
utilizing each sensor’s sensing capacity. The TSO algorithm produces excessive overlap due to 
premature convergence, resulting in the lowest coverage efficiency. Although GA and POA reduce 
some uncovered areas, they still exhibit redundant coverage regions. Overall, CE-SFOA 
demonstrates superior coverage optimization, minimizing both uncovered and overlapping areas, 
thereby enhancing detection efficiency across the network. 

 

    

    
 

Fig. 9: Sensor node deployment diagram of different algorithms (Scenario 2) 
 

In the large-area, low-density deployment of Scenario 3, the performance gap between CE-SFOA 
and the comparative algorithms becomes more evident. As shown in Fig. 10, CE-SFOA maintains 
steady improvement throughout the entire iteration process, reaching convergence earlier and with 
smoother stability. This behavior demonstrates the algorithm’s adaptability to sparse search 
spaces, where sustained exploration is essential. The chaotic position update mechanism allows 
each candidate solution to explore distant, unexplored regions while maintaining population 
structure, thereby avoiding the premature stagnation commonly observed in GA and POA when 
their crossover and local refinement operators converge too early. Meanwhile, the chaos-controlled 
parameter modulation continuously adjusts the balance between exploration and exploitation, 
enabling the algorithm to dynamically redirect its search as the solution space becomes more 
refined. In contrast, algorithms such as COA, OOA, and ZOA rely on static communication or 
information-sharing strategies that limit their ability to escape suboptimal regions, resulting in 
slower and more irregular convergence patterns. 

Figure 11 presents the coverage performance of the algorithms under a large-scale WSN 
deployment. A detailed analysis of these results indicates that, despite minor uncovered areas at 
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the edges, CE-SFOA achieves superior overall coverage compared with the other methods. This 
improvement is reflected in both the higher coverage ratio and the reduced redundancy among 
sensing areas, confirming the algorithm’s efficiency in resource utilization and network 
optimization. In practical applications such as smart agriculture and large-field crop monitoring, 
implementing CE-SFOA in WSNs can substantially enhance monitoring capability by enabling 
precise, real-time data acquisition and supporting more informed decision-making for efficient 
resource management. 

 

Fig. 10: Coverage rate curves of the eight algorithms (Scenario 3) 
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Fig. 11: Sensor node deployment diagram of different algorithms (Scenario 3) 
 

Table 4 presents a comparison of the performance statistics of the proposed CE-SFOA algorithm 
with seven benchmark algorithms across the three deployment scenarios. The results indicate that 
the proposed algorithm consistently achieves the highest coverage in both mean and best values, 
with the smallest variability across all three cases. In the first scenario, CE-SFOA achieved an 
average coverage of 94.12%. The algorithm obtained an improvement of approximately 5.32% 
over the baseline algorithm, compared to the existing algorithms POA (92.33 %) and GA (91.35 
%). Its best performance of 96.25% further highlights its ability to generate highly effective 
solutions in dense deployment environments. In the second scenario, the mean coverage of the 
proposed algorithm was enhanced by 90.44%, an improvement over the existing SFOA by 6.65%. 
The proposed algorithm showed an enhancement over the existing algorithms, GA (87.70%) and 
POA (87.32%). The smaller standard deviation ( 0.0130  ) indicates that CE-SFOA maintains 
consistent performance across multiple runs, unlike OOA ( 0.0285  ), which exhibits higher 
variability. In the third scenario, where the devices are deployed at a larger scale, the proposed 
algorithm still performs well compared with the existing algorithms, as it achieved 75.60% mean 
coverage. The results show that the proposed algorithm improved the existing algorithm, SFOA, 
by 6%. The proposed algorithm showed an enhancement over the existing algorithms, GA 
(75.17%) and POA (72.36%). As a result, the proposed algorithm showed the best result since it 
achieved the best coverage rate of 77.22%. The existing algorithms COA, OOA, ZOA, and TSO 
obtained lower performance compared to the proposed algorithm, as the algorithms obtained an 
average value less than the proposed algorithm for the three cases, indicating the capability of 
algorithms to produce high-quality routes for both cases of the network size and density, although 
the results obtained for the three cases are very small compared to the proposed algorithm. 

 

Algorithm Measures Scenario 1 Scenario 2 Scenario 3 

CE-SFOA 
Mean: 94.12% 90.44% 75.60% 
Best: 96.25% 92.24% 77.22% 
Std: 0.0140 0.0130 0.0097 

SFOA 
Mean: 88.80% 83.79% 69.60% 
Best: 91.00% 86.92% 71.34% 
Std: 0.0158 0.0199 0.0107 

POA 
Mean: 92.33% 87.32% 72.36% 
Best: 94.25% 91.16% 74.22% 
Std: 0.0102 0.0229 0.0113 

GA Mean: 91.35% 87.70% 75.17% 
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Best: 94.00% 88.92% 76.52% 
Std: 0.0165 0.0089 0.0104 

COA 
Mean: 81.05% 76.29% 63.54 
Best: 84.25% 77.92% 64.45% 
Std: 0.0159 0.0099 0.0064 

OOA 
Mean: 81.00% 74.08% 61.47% 
Best: 88.00% 80.20% 66.20% 
Std: 0.0420 0.0285 0.0236 

ZOA 
Mean: 83.83% 78.29% 65.81% 
Best: 88.75% 82.08% 69.27% 
Std: 0.0282 0.0177 0.0185 

TSO  
Mean: 82.40% 77.59% 64.74% 
Best: 85.25% 80.72% 67.75% 
Std: 0.0209 0.0178 0.0143 

 
Table 4: Comparison of the results 

 

6    Conclusion 

The Chaos Enhanced Superb Fairywren Optimization Algorithm (CE-SFOA) was introduced in 
this study to optimize coverage in Wireless Sensor Networks (WSNs). By incorporating chaotic 
dynamics into the position update rules and behavioral components of the conventional SFOA, the 
algorithm achieved an improved balance between extensive exploration and detailed exploitation 
of the search space. Experimental simulations conducted under three distinct scenarios 
demonstrated that the CE-SFOA consistently outperformed the original SFOA and seven other 
metaheuristic approaches in terms of convergence speed, coverage accuracy, and robustness. 
These enhancements in coverage performance and convergence stability are primarily attributed 
to the ergodic properties and high randomness quality of the Cubic map, which maintained 
diversity within the population while mitigating premature convergence. The evidence suggests 
that the CE-SFOA is a strong candidate for optimizing WSN deployment, resulting in a more 
uniform sensor allocation, reduced redundancy, and increased coverage efficiency. The findings 
also underscore the role of chaotic modulation as a general and effective method for enhancing the 
metaheuristic optimization strategies. 

The relevance of CE-SFOA is not restricted to theoretical optimization, and it can be applied to 
several practical domains because of its uniform and adaptive sensor deployment capabilities. It 
provides balanced coverage for detecting changes in temperature and pollution levels during 
environmental monitoring. In disaster management and defense surveillance, sensors can be placed 
in strategic positions to detect events quickly with the least redundancy. Similarly, it is envisaged 
that smart agriculture and urban infrastructure monitoring will benefit from the energy-efficient 
and scalable deployment properties. These potential applications show that the proposed algorithm 
provides enhanced computational performance, along with practical value for dynamic and large-
scale WSN implementations. 

Furthermore, the flexibility provided by CE-SFOA can be used effectively for adapting to various 
proposed applications in the domains of IoT and smart systems. In smart transportation systems, 
CE-SFOA can be used to position sensors correctly in networks designed for transportation 
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surveillance and accident detection, ensuring efficient data retrieval with minimum latency. 
Sensors in networks associated with continuous patient surveillance can be positioned in smart 
healthcare systems using CE-SFOA, ensuring reliable connectivity with minimal communication 
interference. Additionally, error detection and processing can be done more effectively using CE-
SFOA in industrial automation networks, ensuring optimal sensing of machines and production 
lines. Each of these applications demonstrates that, although CE-SFOA was designed specifically 
for static WSNs, it also possesses potential for dynamic and hybrid networks, further confirming 
that CE-SFOA is an innovative tool in the emerging domain of sensing systems. 

Future research may pursue several avenues. A significant extension involves evaluating 
scalability by applying CE-SFOA to large-scale WSN deployments characterized by 
heterogeneous sensor ranges, irregular node placements, and very high node densities. Another 
direction involves integrating hybrid approaches with learning-based mechanisms, such as 
reinforcement learning, adaptive fuzzy control, or opposition-based strategies, to enhance 
precision and reduce overall computational burden. Energy-related objectives should also be 
incorporated, enabling the algorithm to jointly optimize coverage and network longevity, which is 
critical because power consumption is often the primary limitation in WSNs. 

Examining algorithms in mobile and time-varying wireless sensor network (WSN) environments, 
where sensor positions or targets change over time, is crucial for assessing their robustness in 
response to environmental fluctuations. Such an assessment would demonstrate its applicability to 
practical scenarios, including disaster management, defense operations, and smart agriculture. 
Further theoretical exploration of the CE-SFOA, with a focus on convergence behavior, 
computational complexity, and sensitivity to parameter selection, could yield deeper mathematical 
insights and offer guidance for optimizing its chaotic components. 
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