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Abstract 

The utilization of wireless sensor networks (WSNs) holds significant importance in diverse data 

collection applications. Efficient operation of computers, especially in predictive tasks, is imperative 

for obtaining accurate results within WSNs. This research introduces an innovative approach 

employing Stochastic Fractal Search-Particle Swarm Optimization (SFS-PSO) to enhance the 

performance of the K-Nearest Neighbors (KNN) algorithm. The proposed methodology initiates with 

the establishment of a particle population, dynamically adjusting their positions and velocities and 

integrating a diffusion process. Through an iterative process of incremental adjustments and 

evaluations, the algorithm fine-tunes its parameters, resulting in a refined KNN regression model. The 

enhanced model exhibits substantial improvements, as indicated by the notable reduction in root mean 

square error (RMSE) and mean absolute error (MAE), accompanied by a strengthened correlation 

between variables. The favorable outcomes underscore the efficacy of the SFS-PSO optimization 

technique in augmenting the KNN algorithm's performance within wireless sensor networks. In 

simpler terms, the application of SFS-PSO in conjunction with KNN leads to a significant decrease 

in RMSE, reaching a value as low as 0.00894, demonstrating the notable effectiveness of this 

optimization approach in refining the predictive capabilities of the KNN algorithm in the context of 

WSNs. 

 

Keywords: Wireless Sensor Network; Optimization; Stochastic Fractal Search; Particle Swarm 

Optimization; K-Nearest Neighbors; Algorithm. 

 

1. Introduction 

Wireless Sensor Networks (WSNs) represent a cultured amalgamation of sensing technologies [1], 

communication nodes, and data transmission mechanisms, as depicted in the comprehensive 

illustration encapsulated in Figure 1. The intricate functionalities portrayed in this network diagram 

underscore the pivotal role of WSNs in real-time data acquisition across diverse domains. From 
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environmental monitoring to industrial automation, healthcare applications, and the realization of 

smart cities, the pervasive deployment of WSNs has ushered in a new era of data-driven insights [2]. 

 

 

Figure 1: Functionality of a Wireless Sensor Network (WSN) 

Our search into how to use WSNs gives you a taste of the big problems linked with making the best 

algorithms inside these networks [3]. We needed better precision, less confusing calculations, and an 

improved ability to guess right. So, a surprising solution was made - Stochastic Fractal Search-Particle 

Swarm Optimization (SFS-PSO). This system, which came from the computer and was inspired by 

nature, gives a big change in making the K-Nearest Neighbors (KNN) algorithm work best inside 

WSNs. 

 

Research Questions: 

 What is the impact of Stochastic Fractal Search-Particle Swarm Optimization (SFS-PSO) on 

the predictive capabilities of the K-Nearest Neighbors (KNN) algorithm in Wireless Sensor 

Networks (WSNs)? 

 How do the underlying principles and mechanisms of SFS-PSO contribute to its optimization 

prowess within the context of WSNs and the KNN algorithm? 

 In what ways does the integration of SFS-PSO with KNN affect key performance metrics 

such as Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and R-squared 

(R2) in Wireless Sensor Networks? 

 

As our narrative unfolds, the intricate tapestry of WSNs, algorithmic optimization challenges, and the 

innovative SFS-PSO solution converge to shape a narrative that not only addresses existing issues but 

propels the realm of Wireless Sensor Networks toward new frontiers of data-driven excellence. 

2. Literature Review 

The literature on wireless sensor networks (WSNs) and algorithm improvements gives a full idea of 

the problems and ways of these complex systems. Sensors connected in WSNs have changed a lot. 

They used to collect data, but now they are part of bigger networks doing important work in many 

areas. 

 

Importance of WSNs:  

WSNs are important because they can do many things, like checking the environment, health care, 

and smart cities. This is possible because these sensors collect fresh data right when it happens. These 

https://doi.org/10.54216/JCIM.130108


Journal of Cybersecurity and Information Management (JCIM)                       Vol. 13, No. 01, PP. 76-84, 2024 

78 
Doi : https://doi.org/10.54216/JCIM.130108  
Received: May 28, 2023 Revised: August 16, 2023 Accepted: December 21, 2023 

networks are important for grabbing, sending, and processing data [4]. This is very true because they 

can cover large areas quickly as everything isn't in one spot.  

 

Challenges in Algorithm Optimization: 

Even though WSNs are very useful, they face problems with improving their algorithms to make 

performance better. Usually, sensor nodes have limited resources. This makes it hard to find the right 

balance between making sure an algorithm works well and doing things quickly at the same time. Old 

ways of optimizing don't always work well with sensor networks. They change fast and have limited 

resources, which makes it hard for them to adjust. We need to look at new ideas to solve these issues 

the right way[5].  

 

Nature-Inspired Algorithms:  

The literature review underscores a shift towards the adoption of nature-inspired algorithms as a viable 

strategy to overcome optimization challenges in WSNs. Algorithms such as Particle Swarm 

Optimization (PSO) and Stochastic Fractal Search (SFS) draw inspiration from natural phenomena. 

PSO mimics the collective behavior of swarms, while SFS leverages self-similar patterns observed in 

fractals. These nature-inspired algorithms have demonstrated effectiveness in various applications, 

prompting their exploration in the context of WSNs. Combining these algorithms, such as integrating 

SFS and PSO, introduces adaptability and robustness to optimization processes[6-8].  

 

As we explore what has been studied before, it's clear that the mix of WSNs (Wireless Sensor 

Networks), improving computer code, and learning from nature is a cool thing to research. The next 

parts will talk about the SFS-PSO method and how it is used to improve the KNN algorithm within 

WSNs. We'll also discuss important measures like RMSE, MAE, and R2 that can be affected by this 

approach. Next, we will look at how this way of making things better really meets the difficulties with 

WSNs. It provides a more effective and careful method for handling data decisions in changing places. 

3. Proposed Methodology 

A. Dataset 

 

1. Data Collection: 

 

In our first step of the study, we carefully get information from Kaggle [9] - a known place for data 

sets. They offer many kinds of them to use. Kaggle is a helpful tool that lets people get lots of sensor 

data they need to check and improve algorithms for wireless networks. This helps in testing the 

performance of these networking systems. This dataset is the base we use to find and then put into 

practice machine learning methods. When we gather data, we choose the kind that helps us reach our 

study goals. This includes things like how well a sensor works overtime and any other important 

information it must provide for us. The many kinds of data you can get from Kaggle help study WSN 

problems more deeply.  

 

The dataset boasting an extensive compilation of 2.3 million rows, each accompanied by various 

parameters. The temporal aspect is captured by the "Timestamp" column, formatted as a Deephaven 

DateTime, where the original timestamps, initially in string format and spaced by seconds to minutes, 

have been amalgamated into a singular column with more closely spaced modified timestamps. 

Identifying each sensor is facilitated by the unique "sensor_id" assigned to every sensor in the dataset. 

The "sensor_type" column, denoted by characters, uniformly indicates that all sensors belong to type 

B, with the original dataset comprising a single measurement type denoted as 'b.' Temperature data is 

recorded in Celsius under the "temp_C" column, offering insights into the thermal conditions 

associated with each sensor reading. Pressure information is conveyed through the "hpa_div_4" 

column, representing pressure in hectopascals (hPa) divided by four, where one atmosphere is 

equivalent to 1013.25 hectopascals. The battery status of each sensor is documented in the 

"batterylevel" column, shedding light on the power status of individual sensor units. Finally, the 

"sensor_cycle" column logs the sensor cycle number, providing specific information about the cycle 

corresponding to each sensor measurement. 
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2. Data Preprocessing: 

In the second part of our plan, we pay close attention to preparing data. This helps us ensure that our 

information is clean, matches, and is suitable for deep study. This critical move has ways to improve 

the data, fix any problems, and help it work well in later steps. 

 

Handling Missing Values: 

A big thing to consider is finding and dealing with missing values. We fix any missing data in the set 

using robust methods or taking out parts to keep it accurate [10]. This helps create a better picture of 

the primary measurements from the sensors and connected details. 

 

Normalization and Scaling: 

Processes like normalization and scaling are used to ensure the dataset's numbers have a standard 

range. This ensures that different sizes from various features don't unfairly affect future studies or 

computer learning programs. Normalized data helps make optimization algorithms stable and accurate 

[11]. 

 

Outlier Detection and Removal: 

Finding and eliminating strange numbers in the data is significant to improve it. This step uses math 

methods to find odd things that might harm the rightness of future studies [12]. 

 

In general, the step of cleaning up data sets things up for essential pieces of knowledge. It helps ensure 

results and computer programs used later are accurate and work well in network systems that use 

wireless sensors to gather information. 

B.  Exploratory Data Analysis (EDA) 

Figure 2 shows how we use heatmaps in our data exploration. We do this because it makes displaying 

the connections between sensor readings from Wireless Sensor Networks on a map more accessible. 

This is done by seeing if two things change together over time and showing them as colors - red means 

they are strongly correlated, while blue or white shows a weak connection or no correlation at all. 

These colorful pictures use different hues to show how strongly one object links to another. It helps 

you see the complicated connections between many sensors quickly and easily [13]. The map view 

makes it easier to spot patterns, connections, and possible links between what a sensor is measuring. 

Figure 2 shows links between sensors by making connections more explicit. This picture-like display 

speeds up understanding important details more quickly. It helps in a quick scan and use of data from 

things like Wireless sensor networks to do better study work with numbers. 

 

 

Figure 2: Heatmap Visualization Technique. 

The presented figure, as shown in Figure 3, encapsulates a comprehensive exploration of the dataset, 

revealing crucial insights into the temporal evolution of both data and demand. The plot showcases 

the dynamic nature of the data over time, capturing fluctuations and trends that underlie the intricate 

patterns within the dataset. The inclusion of "Rolling Mean" and "Rolling Std" in the visual 
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representation adds another layer of analysis, offering a smoothed depiction of the dataset's central 

tendency and variability. The rolling mean provides a clearer trajectory of the overall trend by 

mitigating short-term fluctuations. In contrast, the rolling standard deviation serves as a measure of 

the dataset's dispersion at each point in time. 

 
Figure 3: Dataset Exploration 

 

C. Machine Learning Techniques 

In this part of our approach, we use several machine learning methods to get important information 

and make prediction models from the data collected by the Wireless Sensor Network (WSN). Picking 

the right algorithms is very important for our analysis to do well. Our tool for learning from machines 

has different models. Each one is made to handle certain parts of the dataset properly. All these help 

us get the connections between things that sensors notice more clearly. These models have different 

advantages, making sure they explore the data in detail. The ways to measure how well something 

works, like Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), etc., help us see if each 

method is good enough [14-20]. 

 

Using different machine learning methods together helps understand the data better. This makes it 

easier to make good decisions and find models that work well. This move lays the base for more 

improvement by using our suggested Stochastic Fractal Search-Particle Swarm Optimization (SFS-

PSO) method. 

 

D. The Proposed SFS-PSO Algorithm 

In this part, we bring in our new selection method, which we call the Stochastic Fractal Search-Particle 

Swarm Optimization (SFS-PSO) system. This way is made to get a fine balance between finding new 

things and using what we have, making the most of both PSO's good points as well as SFS. The main 

goal is to improve how well the optimization works, making sure it's strong and finds the best answers. 

The new system uses a Stochastic Fractal Search method to improve the search step. This makes it 

better and more accurate in finding solutions. 

 

Algorithm 1 shows the step-by-step process in our new SFS-PSO method. The collaboration between 

PSO and SFS in our suggested method introduces a changing way of optimizing things. This helps to 

make the K-Nearest Neighbors (KNN) algorithm better. It increases its guessing power in Wireless 

Sensor Networks (WSNs). The computer plan wants to be flexible and valuable for different data. It 

gives a helpful way to help machine learning models in sensor network jobs get better, which is good 

news. 
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E. Model Evaluation and Selection 

In this part of our study, we focus on the important job of looking over and picking the best 

model. Table 1 shows the rules for judging regression results. It makes a complete set of standards to 

compare performance between models from different areas. 

 

Table 1: Criteria for Evaluating Regression Result. 
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4. Results 

In this part, we share the results of our research. We present how well-known models worked and give 

details on the performance scores when using a procedure that involves getting better with more far-

reaching search methods like Stochastic Fractal Search plus Particle Swarm Optimization in Wireless 

Sensor Networks by boosting the K-Nearest Neighbors algorithm. Table 2 shows the results of 

regression from different reference models used in our study. These models are used to compare them 

with the results we get from our suggested method. 

 

Table 2: Regression Result. 

 
 

Table 3 shows the results of using our approach. We improved an old algorithm called K-Nearest 

Neighbors by adding two new methods: Stochastic Fractal Search and Particle Swarm Optimization. 

 

Table 3: Values of the Evaluation Metrics of the Achieved Results Using the Proposed 

Algorithm. 

 

 
These tables show a complete view of how both reference models and our proposed method are 

working. They act as a base for talking about and understanding the outcomes in other parts of our 

research. 

 

 
Figure 4: The Predicted Versus Actual with Line Fitting. 
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Figure 4 presents a visual representation of the comparison between predicted and actual values, 

accentuated by a line fitting the data points. This graphical depiction serves as a comprehensive 

illustration of the model's performance, allowing for an immediate and intuitive assessment of how 

well the predictions align with the actual observed values. The line fitting enhances the visualization, 

providing a clear indication of the trend and the degree of accuracy achieved by the predictive model. 

This figure is instrumental in gauging the efficacy of the employed algorithms and optimization 

techniques in generating accurate and reliable predictions within the context of the wireless sensor 

network data. 

5. Conclusion 

In this study, we explored and addressed the optimization of the K-Nearest Neighbors (KNN) 

algorithm within Wireless Sensor Networks (WSNs) by introducing a novel approach: SFS-PSO is a 

method that uses random patterns and search particles to find the best solution. We checked the new 

method carefully, compared it to many models, and made sure that it was better. In big tests, we saw 

great improvements with our suggested SFS-PSO idea. This proves it works well. The results showed 

big improvements in root mean squared error (RMSE) and absolute average error (MAE), indicating 

that accuracy was better for tasks about how things relate. The new SFS-PSO method did better than 

the single reference models. It also beat out the Average Ensemble model, showing it works well for 

improving KNN in WSNs (Wireless Sensor Networks). The results, with errors lowered to 0.00894, 

show how useful the SFS-PSO method is in real-life situations. In short, our study indicates that 

Stochastic Fractal Search and Particle Swarm Optimization work together well to improve machine 

learning algorithms for Wireless Sensor Networks. The better version of the KNN method shows how 

powerful methods to improve things can increase how well algorithms work in sensor networks. These 

are important for making decisions based on data without human help. More research might look at 

how SFS-PSO can work with many machine learning ideas and check if it's useful for a range of 

situations in sensor networks. 
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