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ABSTRACT 

This study presents a novel clustering approach called Invasive Weed Optimization K-Means Performance 

Robust Operations (IWOKM PRO) to improve clustering performance on high-dimensional datasets. 

Unlike previous IWOKM implementations, IWOKM PRO focuses on optimizing parameter efficiency to 

conserve computational resources and applies centroid selection techniques to accelerate convergence and 

enhance clustering results. To evaluate its effectiveness, IWOKM PRO was tested on stock data collected 

from the Indonesia Stock Exchange (IDX), comprising 604 stocks with adjusted closing price features from 

January 2019 to December 2023. The experimental results demonstrate that IWOKM PRO outperforms 

the original IWOKM method in both convergence speed and clustering accuracy. Specifically, in the three-

cluster scenario, IWOKM PRO achieved the best fitness value in 1.37 s with a Sum of Squared Errors 

(SSE) of 973.6434. In the five-cluster scenario, IWOKM PRO reached an average convergence time of 6.45 

s with an SSE of 443.8437. Compared to IWOKM, these results significantly improve computational 

efficiency and clustering performance. In general, this study shows that IWOKM PRO is an effective 

solution to improve the efficiency and accuracy of clustering, particularly for high-dimensional financial 

datasets. 

Keywords-clustering; k-means; IWO; IWOKM PRO; high-dimensional dataset; hybrid metaheuristic; 

Ιndonesia stock exchange; stocks 
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I. INTRODUCTION  

Research on the exploration of high-dimensional datasets is 
growing rapidly in line with the development of computing 
technology and artificial intelligence [1-3]. High-dimensional 
datasets can be handled with various techniques, one of which 
is data clustering [3-4]. High-dimensional data clustering is 
used in a variety of applications, including financial sectors 
such as banking and stocks. In these sectors, clustering 
methods play an important role in real-world implementations, 
such as customer segmentation, credit risk analysis, and the 
detection of suspicious transactions in the prevention of money 
laundering [5-7]. Furthermore, in stock market analysis, 
clustering methods can help classify stocks based on price 
movement patterns, volatility, and other fundamental factors. 
Recent studies have shown that the use of a hybrid approach in 
clustering can improve prediction accuracy and provide deeper 
insights into stock market dynamics [8-9]. 

K-means is one of the most popular traditional clustering 
algorithms. The advantage of this algorithm is its ease of 
adaptation, as K-means is easy to apply in various data mining 
processing, making it one of the most widely used clustering 
algorithms [10-11]. However, in its application, this algorithm 
often faces difficulties in handling high-dimensional data due 
to its sensitivity to centroid initialization, convergence 
problems, and a tendency to get stuck in local optima [12-13]. 
To overcome these limitations, hybrid metaheuristic 
approaches have been developed by integrating optimization 
techniques to improve performance and efficiency.  

Hybrid metaheuristic approaches combine the advantages 
of various optimization methods to overcome the limitations of 
traditional ones. Various optimization algorithms have been 
used to improve the performance of K-means, such as Adaptive 
K-means Clustering Undersampling (AKCUS) [13], Random 
Forest classifier [10], Particle Swarm Optimization (PSO) [11, 
14], Artificial Neural Network, ABC [15], Improved Bat 
Algorithm [16], Genetic Algorithm (GA), and Invasive Weed 
Optimization (IWO) [17]. Hybrid techniques that incorporate 
these methods have been shown to provide more accurate and 
stable results, especially in clustering high-dimensional 
datasets used in a variety of applications, including financial 
sectors such as banking and stocks.  

Some of the following methods have been hybridized to 
manage high-dimensional datasets [18]. Newly developed 
metaheuristic models have shown strong performance; for 
example, the WWO algorithm improved accuracy and F score 
rates by an average of 4% and 7%, respectively, compared to 
existing clustering algorithms [19]. An adaptive metaheuristic 
approach has also been introduced to detect similarities 
between two melodies, combining two distinct methods: one 
utilizing a textual representation and the other employing a 
vectorial representation of them [20]. Extensive experimental 
results indicate that CFOA delivers outstanding optimization 
performance across various optimization tasks. Furthermore, 
when applied to data clustering problems, CFOA achieves an 
overall error rate of less than 20%, leading to improved 
clustering outcomes [21]. Additionally, the Puma Optimizer 
(PO), a novel metaheuristic optimization algorithm inspired by 

the intelligence and hunting strategies of pumas, effectively 
balances exploration and exploitation, facilitating a more 
efficient search for optimal solutions [22].  

Among hybrid approaches, Invasive Weed Optimization K-
Means (IWOKM) emerged as a promising technique that 
leverages the global exploration capabilities of Invasive Weed 
Optimization (IWO) while maintaining the efficient clustering 
mechanism of K-means. This combination allows IWOKM to 
overcome some of the limitations of traditional K-means by 
improving centroid selection, reducing sensitivity to 
initialization, and improving overall clustering accuracy. 
IWOKM has shown significant advantages in big data analysis, 
such as financial data clustering [23]. Recent studies have 
investigated hybrid models that integrate IWO with K-means to 
improve clustering accuracy and efficiency. The incorporation 
of enhanced IWO demonstrated promising results in optimizing 
intra-cluster similarity and inter-cluster separation. 
Additionally, a combination of Improved IWO and the Bird 
Swarm Algorithm (BSA) was applied to select features in 
diabetes prediction, achieving high accuracy rates of up to 90% 
[24]. Furthermore, the hybrid NSGA II-IWO method is a 
valuable approach to enhance the performance of FDSHX and 
advance optimization design theories for heat exchangers [25]. 
The Neuro-IWO model exhibited a deviation of less than 5%, 
with experimental results confirming its effectiveness in 
complex environments. Moreover, the hybrid route planning 
algorithm leveraging Neuro-IWO showed superior accuracy 
and achieved the shortest route compared to Neural Networks 
(NN) [26]. 

However, despite its various benefits, IWOKM still faces 
several challenges, including high computational complexity, 
which leads to increased execution time, complex parameter 
tuning, which requires many experiments to obtain optimal 
configurations, and susceptibility to noisy and outlier data, 
which can affect herd resilience [17]. To overcome these 
weaknesses, IWOKM PRO (Invasive Weed Optimization K-
Means Performance Robust Operations) was developed as a 
better version of IWOKM. IWOKM PRO integrates a variety 
of performance-based improvements, where the focus is on 
parameter efficiency optimization to save computing resources 
and the application of centroid selection techniques to 
accelerate convergence. The introduction of IWOKM PRO 
seeks to improve clustering more effectively, resulting in better 
accuracy and scalability in high-dimensional datasets. This 
study aimed to evaluate the effectiveness and performance 
improvement of IWOKM PRO by comparing it with the 
previous clustering method [23]. Using advanced hybrid 
metaheuristics, this research is expected to contribute to the 
development of better clustering techniques to handle high-
dimensional data environments.  

The proposed IWOKM PRO builds on these prior works by 
introducing an advanced hybrid clustering approach 
specifically designed for high-dimensional datasets. Unlike 
conventional optimization-based clustering models, IWOKM 
PRO integrates enhanced Performance Robust Operations 
(PRO) to achieve:  

 Higher clustering accuracy by improving centroid 
optimization through IWO.  
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 Better cluster compactness and separation, reducing intra-
cluster variance.  

 Improved computational efficiency, making the algorithm 
scalable for large-scale high-dimensional datasets. 

This study focuses on clustering high-dimensional financial 
datasets, specifically the Indonesia Stock Exchange (IDX) 
dataset, to evaluate the effectiveness of IWOKM PRO. Using 
the strengths of IWO in global search and K-means in 
partitioning, IWOKM PRO offers a novel approach that 
addresses existing challenges in high-dimensional clustering, 
particularly in financial data analysis. 

II. PROPOSED METHOD 

The development of IWOKM PRO to manage high-
dimensional data involves several stages. The following is an 
overview of the process of the proposed IWOKM PRO 
method.  

 

 
Fig. 1.  IWOKM PRO method. 

As shown in Figure 1, the IWOKM PRO method builds on 
the standard IWOKM process by introducing an additional 
population optimization stage. The conventional IWOKM 
workflow consists of three main processes: population 
initialization, population update, and fitness value calculation, 
followed by the application of K-means clustering through 
centroid updates and convergence checks. In IWOKM PRO, 
after the standard IWOKM steps are completed, the process 
continues with a dedicated population optimization phase. This 
phase aims to further refine the clustering solutions obtained 
from the K-means process by optimizing individuals within the 
population. In this stage, the best (����� ) and worst (������) 
individuals are identified, and each individual's position is 
updated based on random values to enhance the diversity and 
quality of solutions. New solutions are iteratively evaluated and 
updates are made until a better solution or convergence is 
achieved. 

Thus, IWOKM PRO represents an improvement over the 
normal IWOKM flow by integrating a systematic optimization 
mechanism after initial clustering, ensuring that the final 

cluster results are more accurate, stable, and computationally 
efficient. Adding the population optimization phase is the key 
innovation that differentiates IWOKM PRO from the 
traditional IWOKM model. 

III. RESULT AND DISCUSSION 

A. Dataset 

A high-dimensional dataset was obtained from the IDX 
data using scrapping techniques obtained from the Yahoo 
Finance API, using 604 IHSG stock close price data from 
January 2019 to December 2023. The results obtained from this 
data acquisition process are 604 rows (in rows that are issuer 
data) and 1231 columns. Figure 2 shows a sample of the 
dataset used in this study. 

 

 
Fig. 2.  Sample of the private dataset. 

B. Preprocessing 

The dataset consists of adjusted closing price data from 
various issuers listed on the IDX, where stock prices vary 
significantly across different companies. The min-max scaler 
technique was applied to the data to standardize these 
variations before further processing. Min-max normalization is 
recognized as one of the most effective techniques to enhance 
the performance of machine learning models [27]. This method 
is particularly well-suited for stock price data as it maintains 
proportional increases and decreases between stocks while 
rescaling the data into a consistent range. As a result, each 
stock contributes equally to distance-based calculations, 
avoiding bias caused by stocks with higher nominal values 
dominating the clustering results. By preserving relative price 
movements among issuers, min-max normalization plays a 
vital role in achieving accurate, balanced, and interpretable 
clustering outcomes for financial datasets. 

C. IWOKMPRO Results 

The optimization process using the IWOKM PRO method 
consists of the following steps: 

Initialization of the initial position of each individual in the 
population. Determine the individuals who have the best 
(	����) and worst (	�����) positions. Determine 
��
��� and 

��
���  values in the range of 0 to 1 for each individual 
generated to regulate movement toward the best position and 
away from the worst position. The new position update for 
each individual is calculated using the following formula to 
produce a new, more optimal position : 

	�′ =  	� + (
��
��� ⋅ (	���� − 	�)  −  
��
��� ⋅
             (	����� − 	�))  

where 	�′ is a new solution for �, 	� is the individual position 
or solution on index � in the current population, 
��
��� and 
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��
���  are random values that result in variations in the 
movement of individuals toward the best solution and away 
from the worst solution, and 	����  and 	�����  are the best and 
worst individuals in the population, respectively. 

After the calculation, the new solution is evaluated, and if it 
is better than the previous position, then 	����  and 	�����  are 
updated. This process continues to iterate until a stop condition 
is reached, such as the maximum number of iterations or very 
small solution changes. When the stop condition is met, the 
optimization process is complete, and the last best position 
found becomes the final result of optimization. 

The performance of the model was evaluated using 
computational time and SSE. This test aimed to determine the 
most optimal combination of parameters in producing the best 
clustering with efficient computing time. The test parameters of 
the developed model were 10, 50, and 100 iterations and 10, 
60, and 100 population sizes. 

Based on these parameters, the proposed model was tested 
with three and five clusters, with the results shown in Tables I 
and II, respectively. 

TABLE I.  IWOKM PRO 3 CLUSTER PERFORMANCE 

Parameters Time to reach the best fitness SSE value 

Itr10Pop10 1.2 s 973.643475346027913 
Itr10Pop60 1.2 s 973.643475346027913 

Itr10Pop100 1.5 s 1292.646719908244904 
Itr50Pop10 1.1 s 973.643475346027913 
Itr50Pop60 1.7 s 973.643475346027913 

Itr50Pop100 2.1 s 973.643475346027913 
Itr100Pop10 1.0 s 973.643475346027913 
Itr100Pop60 1.0 s 973.643475346027913 
Itr100Pop100 1.6 s 973.643475346027913 

TABLE II.  IWOKM PRO 5 CLUSTER PERFORMANCE 

Parameters Time to reach the best fitness SSE value 

Itr10Pop10 1.3 s 473.507170798511311 
Itr10Pop60 3.7 s 473.507170798511311 
Itr10Pop100 6.9 s 480.006359429873555 
Itr50Pop10 0.7 s 443.843722695888118 
Itr50Pop60 5.3 s 443.843722695888118 
Itr50Pop100 15.5 s 443.843722695888118 
Itr100Pop10 2.3 s 443.843722695888118 
Itr100Pop60 6.2 s 443.843722695888118 

Itr100Pop100 16.2 s 443.843722695888118 

 
The results of the IWOKM PRO model for three clusters 

show consistent SSE values in the range of 973.6434 for eight 
different tests, except for one test on a combination of 
population 100 with 10 iterations (Itr10Pop100) that resulted in 
an SSE value of 1292.6467. In terms of computational time, the 
average was under 2 s, with only one test with a combination of 
population of 100 with 50 iterations that resulted in an SSE 
score of 973.6434 but with a time to achieve the best fitness 
score of 2.1 s. Figure 4 illustrates how the IWOKM PRO 
model performed in terms of the SSE values generated with the 
time it took to achieve the best fitness value. The best SSE 
values with the lowest computation times were obtained when 
testing using a combination of population 10 with 100 
iterations and population 60 with 100 iterations. 

In the experiment with five clusters, IWOKM PRO 
produced consistent SSE values for eight tests, except for the 
test with a population of 100 and 10 iterations that produced 
the highest SSE score and a fairly high time to achieve it. 

D. Comparison with IWO 

To determine the capabilities of the IWOKM PRO model, 
tests were also carried out with the same test parameters but 
with the IWOKM model without optimization. Table III shows 
the performance results of IWOKM for a target of three 
clusters, where the SSE value results varied between 973.6434, 
1116.8577, and 1292.6467. The lowest time to achieve the best 
fitness score was obtained with a combination of a population 
of 10 with 100 iterations, which took 0.7 s to reach the best 
SSE value of 1292.6467. 

TABLE III.  IWOKM 3 CLUSTER PERFORMANCE 

Parameters Time to reach the best fitness SSE value 

Itr10Pop10 2.6 s 1116.857758847424293 
Itr10Pop60 1.8 s 973.643475346027913 
Itr10Pop100 2.4 s 1292.646719908244904 
Itr50Pop10 1.7 s 1292.646719908244904 
Itr50Pop60 22.2 s 973.643475346027913 
Itr50Pop100 5.8 s 973.643475346027913 
Itr100Pop10 0.7 s 1292.646719908244904 
Itr100Pop60 35.8 s 973.643475346027913 
Itr100Pop100 30.7 s 973.643475346027913 

 
Table IV shows the performance results of IWOKM for 

five clusters. The distribution of SSE values in this experiment 
ranged from 473.5071 to 538.9385. The lowest SSE value with 
the lowest time to reach the best fitness was obtained with a 
population of 100 with 50 iterations. The lowest time was 1.4 s 
when using a population of 10 with 10 iterations but resulted in 
a higher SSE value of 480.0063. 

TABLE IV.  IWOKM 5 CLUSTER PERFORMANCE 

Parameters Time to reach the best fitness SSE Value 

Itr10Pop10 1.4 second 480.006359429873555 
Itr10Pop60 2.5 second 538.938597237626595 

Itr10Pop100 10.5 second 473.507170798511311 
Itr50Pop10 8.9 second 473.507170798511311 
Itr50Pop60 28.6 second 473.507170798511311 

Itr50Pop100 2.2 second 473.507170798511311 
Itr100Pop10 13.5 second 473.507170798511311 
Itr100Pop60 25.9 second 473.507170798511311 
Itr100Pop100 43.4 second 473.507170798511311 

 
Figures 3 and 4 compare IWOKM PRO with IWOKM in 

tests for three and five clusters, respectively. In Figure 3, it can 
be observed that the computation time to achieve the best 
fitness value was consistently lower in IWOKM PRO, with an 
average time of 1.37 s and a best SSE value of 973.6434. As 
shown in Figure 4, for the 5-cluster target trial, IWOKM PRO 
was also superior to IWOKM in producing the best SSE value 
in less time. The average time to achieve the best fitness score 
in IWOKM PRO was 6.45 s with the lowest SSE value of 
443.8437, while the average time to achieve the best fitness 
score for the IWOKM model was 15.21 s with the lowest SSE 
value of 473.5071. 
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Fig. 3.  Performance comparison for three clusters. 

 
Fig. 4.  Performance comparison for five clusters. 

IV. CONCLUSION 

This study introduced IWOKM PRO as an enhancement of 
IWOKM with robust operations, focusing on optimizing 
parameter efficiency to save computing resources and applying 
centroid selection techniques to accelerate convergence, 
thereby improving clustering performance on high-dimensional 
datasets. The proposed IWOKM PRO model was evaluated on 
data independently collected from the IDΧ, consisting of 
adjusted closing price data of 604 rows (representing issuers) 
and 1231 columns. The tests involved different iterations, 
populations, and number of clusters, and the results showed 
that IWOKM PRO was superior to IWOKM. For a target of 
three clusters, IWOKM PRO reached the best fitness score 
with an average time of 1.37 s, with the best SSE value of 
973.6434. For the test with a target of five clusters, IWOKM 
PRO was also superior to IWOKM in terms of the best SSE 
value and the time to achieve the best fitness score, requiring 
6.45 s for the lowest SSE of 443.8437. In contrast, the average 
time for the IWOKM model to reach the best fitness value was 
15.21 s, with the lowest SSE being 473.5071. 

According to previous studies, hybrid models based on 
IWO have demonstrated significant potential in enhancing 
clustering performance; however, computational challenges 
persist, particularly when applied to high-dimensional datasets. 
IWOKM PRO, which integrates Performance Robust 
Operations, was shown to improve clustering efficiency and 
accuracy, especially in the analysis of financial data, with a 
specific focus on stock data obtained from IDX. In the future, 
the IWOKM PRO model will be tested on different high-
dimensional datasets and compared with other clustering 
optimization models. 
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