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Abstract 
Advances in Internet of Things (IoT) technology have transformed health monitoring systems, making 

them more adaptive and capable of acquiring real-time data. Heart rate, measured in beats per minute 

(BPM), is an important indicator of health status; however, BPM data generated by IoT devices is 

generally presented as numerical values without automatic classification of normal or abnormal 

conditions. This study aims to develop an IoT-based heart rate pattern classification system using the 

Extreme Gradient Boosting (XGBoost) algorithm, optimized with two metaheuristic algorithms 

Particle Swarm Optimization (PSO) and Ant Colony Optimization (ACO), and to compare their 

performance characteristics. The study employs a quantitative experimental approach, beginning with 

real-time BPM data acquisition using a MAX30102 sensor and an ESP32-C3 Mini microcontroller 

from 40 participants, followed by data preprocessing, the development of an XGBoost model, 

parameter optimization using PSO and ACO, and model performance evaluation. The results show 

that both algorithms deliver equally good classification performance. PSO successfully identified an 

optimal threshold range of 68.44–97.82 BPM with an inference complexity of O(1), making it very 

fast during the prediction stage, while ACO excelled in training convergence speed and feature 

reduction effectiveness by using only 30% of the total features. The main contribution of this research 

is a comprehensive comparative analysis of the characteristics of PSO and ACO in terms of 

computational efficiency, optimization speed, inference complexity, and feature selection 

effectiveness, resulting in recommendations for selecting the appropriate optimization method to meet 

the implementation needs of IoT-based health monitoring systems, whether for real-time devices or 

cloud-based systems. 

Keywords: ant colony optimization, heart rate classification, internet of things, particle swarm 

optimization, XGBoost. 

 

1 Introduction 

Advances in Internet of Things (IoT) technology have driven the transformation toward smarter 

health monitoring systems[1].  This technology is more adaptive and capable of acquiring real-time 

data. Various wearable devices equipped with biometric sensors enable the continuous gathering of 

physiological data.  This supports the monitoring of health conditions without the necessity of 

attending a medical facility. One physiological parameter widely used as a health indicator is 

cardiovascular status, as measured by heart rate or beats per minute (BPM) [2], [3]. BPM values can 

provide information about physical condition, activity levels, or an early indication of heart problems 

if there are deviations from normal patterns. Although the data acquisition process using IoT 

technology has advanced rapidly, the main issue still concerns limitations in providing accurate 

decisions. For example, heart rate data exhibits characteristic fluctuations influenced by user activity 

and other physiological conditions. Existing heart rate data are generally presented as numerical 

values, while user conditions are rarely classified automatically as normal or abnormal. 

Extreme Gradient Boosting (XGBoost) is a machine learning algorithm based on gradient 

boosting decision trees [4]. This algorithm has been widely applied because it offers high 

classification accuracy, handles complex data, and reduces the risk of overfitting. However, 

XGBoost’s performance is also heavily affected by parameter configuration. The proper parameters 

generate the best model, whereas bias parameters produce the worst model. Therefore, parameter 

optimization is critical to the XGBoost for obtaining the best model. 
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Various studies have utilized metaheuristic algorithms as approaches for parameter optimization 

and feature selection in machine learning algorithms [5]. Particle Swarm Optimization (PSO) is 

known as a metaheuristic algorithm which has the ability to explore global solutions, low 

computational complexity, and effective in determining the best parameter combinations [6]. On the 

other hand, Ant Colony Optimization (ACO) offers advantages in the feature selection process 

through a pheromone trail mechanism [7]. It enables identification of the most representative 

attributes. Both algorithms have been widely applied, offering their respective strengths. However, 

few studies have compared their performance, particularly when integrated with IoT for heart rate 

pattern identification. 

This study integrates an IoT device equipped to identify heartbeat patterns. The identification 

process uses the XGBoost, which is optimized using two metaheuristic algorithms: PSO and ACO. 

The IoT device integrates a MAX30102 sensor and an ESP32-C3 Mini microcontroller to acquire 

BPM data in real time. Subsequently, preprocessing, feature extraction, model optimization, and 

performance evaluation were conducted using the metrics accuracy, precision, recall, and F1-score. 

The main contribution of this study was the comparative analysis of the characteristics of the two 

metaheuristic algorithms in improving the performance of IoT for heart rate classification. In addition 

to evaluating the models’ accuracy, this study also compared computational efficiency, optimization 

speed, inference complexity, and feature selection effectiveness, thereby providing recommendations 

for selecting optimization methods tailored to the implementation needs of IoT health monitoring 

systems. 

 

2 Literature Review 

IoT in healthcare has evolved significantly to support sensor-based health monitoring systems[3]. 

Various studies have developed BPM monitoring systems by integrating the MAX30102 sensor with 

the ESP32 microcontroller. This device is well-known for its low cost[2]. These IoT devices can 

generate real-time BPM with sufficient accuracy. However, most research still focuses on data 

acquisition and visualization. Meanwhile, intelligent analysis of BPM data remains limited, 

particularly in the automatic distinction between normal and abnormal heart rate patterns.  

Meanwhile, machine learning algorithms have been widely applied to identify heart rate patterns. 

XGBoost is an enhanced algorithm based on gradient boosting decision trees[4]. It can efficiently 

generate boosted trees and operates in parallel.  The XGBoost algorithm outperforms conventional 

classification algorithms in various medical classification cases [8], [9], [10]. It is effective in 

addressing nonlinear relationships between features and complex data distributions. However, 

XGBoost’s performance is sensitive to hyperparameter configuration[11]. Default parameter settings 

often produce unsatisfactory models due to the unique characteristics of each dataset. Consequently, 

numerous studies have begun utilizing metaheuristic algorithms for parameter optimization. 

PSO and ACO are metaheuristic algorithms widely used for optimizing machine learning model 

parameters. The PSO works based on the social behavior of swarms in finding the optimal position 

through an iterative mechanism of updating particle positions and velocities[12].  The main 

advantages of PSO lie in its ability to quickly find global solutions, its simple set of parameters, and 

its low computational cost[9]. Various studies have shown that the application of PSO can improve 

model accuracy and accelerate the convergence process[8], [9], [10]. Meanwhile, ACO mimics the 

behavior of ant colonies in finding the best path through the mechanism of forming and updating 

pheromone trails[13]. ACO is also widely applied in data optimization processes, particularly in 

feature selection. ACO can identify the most relevant features, thereby reducing model complexity 

without significantly compromising predictive power [14], [15]. Feature reduction also offers the 

benefits of shorter model training times and more efficient use of computational resources. 

Several previous studies have combined the XGBoost with both ACO and PSO. The majority of 

these studies show improved model performance following optimization[7], [8], [9]. However, most 

studies have evaluated only a single optimization algorithm, thus failing to provide a comprehensive 

picture of the characteristics of each method. Another limitation of previous research is the lack of 

simultaneous integration of the model with IoT. Ideally, an IoT for health monitoring system should 

function as a unified whole, with data acquisition and analysis integrated rather than separated (Figure 

1). 
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Figure 1 IoT for health monitoring system using XGBoost 

 

Based on an analysis of the aforementioned prior research, there remains a research gap in the 

form of the absence of a comprehensive study comparing the performance of PSO and ACO on the 

XGBoost in IoT for heart rate pattern classification. Therefore, this study proposes a comparative 

approach using XGBoost as the primary classification model, which is then optimized using PSO and 

ACO. Additionally, this study acquires BPM data from deployed sensors. This approach is expected 

to provide a scientific contribution in the form of recommendations for selecting the most appropriate 

optimization method based on the characteristics of the implementation environment.  

 

3 Research Method  

This study used an experimental quantitative approach to evaluate the performance of 

optimization algorithms in improving heart rate pattern classification capabilities. The research 

flowchart is shown in Figure 2. This study was organized systematically, beginning with data 

acquisition using IoT devices. The obtained data is processed through preprocessing steps to produce 

a dataset. Then, this extracts relevant features for model development. There are three scenarios: 

deploy model using XGBoost without optimization and model optimization using metaheuristic 

algorithms. Finally, model performance was evaluated based on several evaluation metrics. 

 
Figure 2 Research workflow 

 

3.1 IoT Device Configuration  

 This study employed an IoT which consist two main components: the ESP32-C3 Mini as the 

system controller and the MAX30102 sensor as the heart rate data acquisition device. Figure 3 

illustrates the IoT device configuration. The ESP32-C3 Mini was selected because it offers adequate 

computational capabilities [16] and supports Wi-Fi communication with relatively low power 

consumption [17]. Meanwhile, the MAX30102 was used because of its ability to provide real-time 

heart rate readings with a high level of stability[2].  
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Figure 3 Illustration of ESP32-C3 mini and MAX30102 sensor integration 

 

3.2 Data Acquisition 

Heart rate data (beats per minute/BPM) was obtained in real time from IoT on measurements 

from 40 respondents. During the measurement process, the information was transmitted via a wireless 

network to a storage medium and recorded continuously, forming a time-series dataset. The dataset 

used was formatted in JSON, with each entry containing a timestamp attribute indicating the time of 

data collection and BPM as the sensor reading. Before being used in the analysis phase, the data 

underwent a preprocessing stage that included checking for and removing invalid or anomalous data, 

normalizing the dataset structure, and sorting the data based on measurement time to reduce the 

impact of noise and ensure the consistency, quality, and reliability of the data as the primary source 

for this research. This heart rate measurement dataset was recorded by the devices over a period of 

300 seconds. The data includes metadata (Table 1) such as age, gender, data collection location, and 

measurement timestamps. Every second, the system records four main attributes: BPM value, 

condition classification (normal/abnormal), confidence, and time index (seconds). 

 

Table 1 Heart rate measurement metadata  

Fitur Descriptions 

Gender Gender of respondent 

Age Age of respondent 

Device ID Id of respondent 

Measurement duration 300 seconds 

Timestamp 2025-11-29 10:54:50 (UTC) 

BPM beats per minute 

 

3.3 Model Development 
This study applied XGBoost to identify BPM conditions. The algorithm is essentially an 

ensemble method based on gradient boosting trees. In the initial stage, the XGBoost was built using 

default parameter configurations to produce a baseline model. This baseline model was then used as a 

benchmark against models that had undergone optimization using a metaheuristic algorithm. 
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3.4 Optimization using Metaheuristic Algorithm  

 This study applied ACO and PSO to optimized parameters on XGBoost algorithm.  Both 

metaheuristic algorithms were applied separately (Figure 4). Thus, the combination of algorithms 

provides a model for identifying BPM conditions. Neither algorithm searches for an optimal solution 

through pheromone update mechanisms or particle position updates. The best results from both 

methods were compared to obtain the model with the most optimal classification performance. The 

resulting model is then used to classify BPM conditions into predetermined categories based on heart 

rate patterns obtained from sensor data. 

 
Figure 4 Flowchart for parameter optimization of metaheuristic algorithms 
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3.5 Evaluation 
The evaluation process was conducted to compare the performance of PSO and ACO on the 

XGBoost model for classifying BPM conditions. The evaluation was based on the metrics of 

Accuracy, Precision, Recall, and F1-Score. In addition to these metrics, this study also evaluated the 

characteristics of the two optimization algorithms in terms of convergence speed, computational 

efficiency, inference complexity, and feature reduction capabilities. This analysis was conducted to 

provide a more comprehensive overview of the strengths and limitations of each algorithm when 

implemented in an IoT for health monitoring system. 

 

4 Results and Analysis 

4.1 Brief Dataset 

The IoT successfully acquired BPM data from 40 individuals: 38 were classified as normal and 2 as 

abnormal. Each individual had 300 seconds of recorded BPM data. Table 2 presents a summary of the 

dataset used to analyze the performance of the PSO and ACO algorithms. 

 

Table 2 Dataset statistical summary 

Parameters Value  

Baseline BPM 81.24 

Mean BPM 83.21 

Standard Deviation 11.15 

BPM Minimum 69 

BPM Maximum 124 

Abnormal percentage  6.33% 

 

4.2 Comparative Analysis Based on Quantitative Metrics 

  This section presents and analyzes the performance of the PSO and ACO algorithms based on 

quantitative metrics. The classification results of PSO and ACO for 40 samples are presented in the 

confusion matrix in Figure 5. Both algorithms show identical results: 38 normal samples were 

correctly predicted, and 2 abnormal samples were also correctly predicted. This means that the 

accuracy, precision, recall, and F1 score for both models are 100%. In other words, both metaheuristic 

algorithms perform equally well. Both algorithms have their respective methods for generating 

the best model. PSO successfully identified an optimal threshold range of 68.44 - 97.82 BPM 

as the boundary between normal and abnormal conditions. This parameter produced a 

classification model with stable performance across the entire test dataset. ACO was applied 

to perform feature selection so that only the most relevant attributes were used in the 

classification process. 
 

 
Figure 5 Confusion matrix of the PSO and ACO algorithms 
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4.3 Comparative Analysis Based on Computational Time 

This study also analyzed the computational time of the algorithms. Two aspects were of 

particular interest: convergence speed and inference speed. Convergence speed relates to the duration 

of the model-building process, while inference speed represents the time required for a trained model 

to process new data. Figure 6 presents a comparison of the two algorithms in terms of model-building. 

The PSO convergence curve moves gradually, rising slowly until it reaches an optimal point at around 

100 iterations. In contrast, the ACO curve rises sharply and reaches its best condition within just the 

first five iterations. We can immediately see that ACO is 10–20 times faster during the training 

process. ACO reaches optimal conditions much faster and is more efficient than PSO. 

 
Figure 6 Comparison of PSO and ACO training speeds 

 

It is the characteristics of ACO that make it faster and more efficient for generating models. ACO 

reduces the number of features and provides significant benefits to the computing environment. 

Reducing the number of features speeds up the model training process while reducing the demand for 

computing resources. This statement is supported by the reduced number of features (Figure 7). ACO 

uses only 30 percent of the features, whereas PSO uses all of them. This feature reduction decreases 

the model’s complexity without compromising its classification ability. Even though it uses only 30 

percent of the total features, the model still achieves classification performance on par with PSO. 

 

 
Figure 7 Feature selection results 

 

The inference time aspect shows the opposite situation. ACO is fast during training, whereas 

PSO is exceptionally fast during inference. Figure 8 illustrates the inference time and computational 

complexity of the two metaheuristic algorithms. PSO requires only two simple threshold operations 
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(O(1)), while ACO requires calculations on five selected features (O(5)). Furthermore, PSO is 10 

times faster than ACO at predicting new datasets in a real-time system. 

 

 
Figure 8 Inference speed comparison 

 

4.4 Comparative Analysis Based on Other Metric 

To provide a comprehensive overview, this study not only evaluates the algorithms based on 

quantitative metrics or computational time, but also compares their operational characteristics. Figure 

9 visualizes the “characteristic curves” of the two algorithms.  The figure shows the performance 

characteristics of PSO and ACO based on seven evaluation criteria: accuracy, training speed, 

deployment speed, simplicity, efficiency, robustness, and scalability. In general, PSO has advantages 

in deployment speed, algorithmic simplicity, robustness, and efficiency, making it more suitable for 

optimization processes that require fast convergence and relatively simple implementation. 

Conversely, ACO demonstrates better performance in training speed and scalability, while 

maintaining a high and stable level of accuracy. These comparison results show that the two 

algorithms have complementary strengths. 

 
Figure 9 Comprehensive performance characteristics based on seven metrics 

 

5 Conclusion 

This study successfully acquired BPM data from 40 respondents using IoT devices. The data was 

processed using XGBoost and optimized with the PSO and ACO optimization algorithms. Both 

algorithms exhibit equally good quantitative performance. In addition, each algorithm has distinct 

operational advantages. PSO is capable of finding the optimal threshold within the range of 68.44–

97.82 BPM and provides very high inference speed thanks to its O(1) complexity, making it ideal for 

IoT devices and real-time monitoring systems. Conversely, ACO excelled in the training process with 

fast convergence and effectiveness in feature reduction, making it more suitable for cloud-based 



Sistemasi: Jurnal Sistem Informasi                                     ISSN:2302-8149 

Volume 15, Nomor 10, 2026: 3926-3935                         e-ISSN:2540-9719 

http://sistemasi.ftik.unisi.ac.id 

 
 

3934 
 

systems and environments with greater computational capacity. Furthermore, an analysis of the 

differences in the characteristics of the two algorithms provides clear guidance on method selection 

based on application needs. The approach developed in this study can serve as a foundation for 

implementing faster, more efficient early-detection systems for cardiovascular issues that can be 

adapted to various use cases. 
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