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 K-means++ is developed to improve the performance of k-means when 

choosing a starting centroid. However, both algorithms in clustering still 

select an initial centroid randomly. Randomly selecting initial centroids has 

the potential to produce unstable clusters. This paper proposes a 

deterministic centroid initialization method called variance-k-means++, 

which utilizes statistical properties—mean and variance—to generate 

pseudo-centroids and derive initial centroids. The method aims to improve 

clustering stability and reduce the number of iterations. For the initial study, 

we used low-dimensional data to conduct the experiment series. Then, we 

employed two baseline methods for benchmarking, k-means and k-means++. 

The results show that variance-k-means++ outperformed the baseline 

method on average. Evaluating in Davies-Bouldin index (DBI) and 

convergence analysis, we obtained DBI values at 0.756 and 0,771 for 

vertical and horizontal variance k-means++ with Iris dataset. At the same 

time, baseline methods have 0.802 and 0.830 for k-means++ and k-means, 

respectively. In convergence analysis, the results are 5.158 for vertical and 

5.474 for horizontal, while baseline methods are 9.000 and 8.842. The 

primary contribution of this study lies in its achievement of minimizing the 

number of iterations while enhancing cluster stability. 
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1. INTRODUCTION 

Clustering is a task in machine learning that aims to group data into clusters. This task is categorized 

as unsupervised learning, where the learning process does not need to be guided by class labels. Majorly, 

there are two types of clustering: hierarchical and partitional clustering [1]. We focus on one partitional 

clustering algorithm called k-means clustering. K-means has become a popular algorithm because of its 

simplicity, computation efficiency, ease of implementation, and work in many data types [2]–[4]. The entire 

k-means clustering process is straightforward, whether applied to simple or complex data. This leads to the 

algorithm's simplicity and provides efficiency [5]. However, k-means has several limitations. Those 

limitations are in the centroid initialization process, determination of the number of k, the curse of 

dimensionality, and the difference in cluster density. K-means is also sensitive to outlier data, where outliers 

lead to unstable results [6]. With random centroid initialization, k-means tends to produce unstable clusters. 

https://creativecommons.org/licenses/by-sa/4.0/
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In addition, if clustering is conducted using different centroids, there is a possibility of producing different 

clusters [7], [8]. 

When centroids are initialized randomly, the algorithm may converge to a local optimum instead of 

the global optimum. This implies that multiple algorithm executions on the same dataset may provide 

disparate outcomes. For instance, clusters that are not indicative of the underlying data distribution may 

result from initial centroids that are not well picked. Additionally, the random selection of initial centroids 

yields inconsistent results [9]. This decreases the algorithm's dependability because using a different centroid 

may yield different clustering results. A method called k-means++ has been developed to overcome one of 

the limitations of k-means [10]. An improved initialization of cluster centers is the goal of k-means++, a 

sophisticated variant of the classic k-means clustering algorithm. Choosing starting centroids in a way that 

improves clustering performance and lowers the possibility of subpar clustering outcomes because of random 

initialization is the main objective of k-means++. However, k-means++ has the same issues as traditional k-

means because the initial centroids are chosen at random, just like in traditional k-means. 

This paper proposes a deterministic centroid initialization method using variance-based pseudo-

centroids to improve clustering stability and reduce number of iterations. This method avoids a random 

centroid for initial choice. After identifying the data's center point, the variance value is calculated and then 

drawn to the right and left by half of the variance value each. The stability of clusters, a low Davies-Bouldin 

index (DBI), and a minimum number of iterations are the primary objectives of this method.  

The contributions of this paper are i) proposing a method for initializing centroid without random 

choice, specifically for the first of two centroids, ii) minimizing the number of iterations until obtaining the 

stable clusters, and iii) developing pseudo-centroid, a pre-centroid that is created using variance-distance. 

The remaining of this paper is organized as follows: section 2 describes the literature review, section 3 

discusses the proposed method, results and discussion are described in section 4, and we conclude in 

section 5. 

 

 

2. LITERATURE REVIEW 

Several studies on centroid initialization using probabilistic and seed distribution methods have been 

conducted effectively. Hybrid k-means++ [11], supervoxel segmentation [12], Intuitive k-prototype [13], 

lasso-based k-means++ [14], and Beyond k-means++ [15] were developed to address the issue of random 

initialization. Almost all of those are still based on traditional k-means. Although the results are 

commendable and outperform the baseline method across several categories, the fact that it still adheres to 

traditional k-means indicates that the determination of the initial centroid does not effectively control the 

stability of the resulting cluster. 

The statistical approach has also been utilized for the initialization of the centroid, including 

measures such as the mean and median. A novel technique referred to as depth difference (DeD), which 

enhances the efficacy of the k-means algorithm [16]. Alternative statistical methods, including a hybrid of the 

fixed row initial centroid technique with naive Bayes [17], determinantal point process [18], and Adaptive k-

means clustering [19], have been proposed to mitigate the instability of clusters associated with k-means. 

Nevertheless, these approaches still struggle to maintain stability and the number of iterations due to the 

reliance on random initial centroids. 

Numerous researchers have introduced optimization and metaheuristic approaches to address this 

issue. Tian et al. [20] suggested a method called partial label via weighted centroid clustering (PL-CC). In 

addition, Karim et al. [21] proposed the max stable set problem (MSSP) for centroid selection. Although this 

approach optimizes the initial centroid selection for k-means, it may result in unstable outcomes because k-

means can potentially get trapped in local minima. Other optimization techniques, such as invasion weed 

optimization (IWO) [22], [23] and genetic algorithm (GA) [24], [25], have also performed effectively. Both 

IWO and GA have been integrated into a more accurate method [26]. An optimization method based on an 

evolutionary technique using random swap was proposed by Nigro and Cicirelli [27]. Unfortunately, those all 

still address the initial centroid randomly, which leads to unstable clusters.  

A further emphasis of research that has been performed is grounded in density-based techniques and 

principal component analysis (PCA). One of the techniques is adaptive k-means (AK-Means). AK-Means 

significantly boosts clustering efficiency by tackling the key shortcomings of standard k-means; however, it 

still incurs a heavy computational burden when applied to high-dimensional data and has potential for further 

refinement. Furthermore, there are three additional methods referred to as the k-means algorithm based on 

nearest neighbor density peak (k-NNDP) [28], spherical k-means [29], and PCA [30], [31]. These methods 

operate effectively and exceed the performance of the traditional k-means++ algorithm. Regrettably, since 

the initialization process remains randomly determined, they are also likely to produce unstable clusters. 

 

 



                ISSN: 2088-8708 

Int J Elec & Comp Eng, Vol. 16, No. 3, June 2026: 1434-1448 

1436 

3. METHOD 

The goal of this research is to propose a method that overcomes the limitations of the k-means and 

k-means++ algorithms. Both algorithms use a random centroid for initialization, which potentially creates 

unstable clusters. With different initial centroids, it is also possible to yield different clusters and different 

numbers of iterations. Our proposed method aims to address these issues. This section begins with a 

description of the rationale of the proposed method, followed by a brief review of k-means and k-means++, 

and finally, variance-k-means++. 

 

3.1. Rationale 

The randomness in the initial centroid selection process of k-means and k-means++ represents a 

significant limitation. Consequently, variance-k-means++ relies on two statistical methods: mean and 

variance. To eliminate the randomness associated with initial centroid selection, the mean value of the data is 

utilized. This approach ensures that centroid selection remains consistent, as it is always anchored to the 

mean value of the data. Variance is the expected value of a random variable's squared deviation from its 

mean. Variance provides information about how spread out the points are [32]. The incorporation of the 

variance value stems from the understanding that variance reflects the distribution of the data; thus, the data 

point that is farthest from the mean would not exceed the variance distance. Therefore, by dividing the 

variance by two and measuring the distance from the mean, two centroids can be positioned further apart, 

leading to improved and more stable clustering. 

 

3.2. K-means  

K-means is an algorithm for clustering problems, and it is commonly used because the algorithm is 

simple and easy to use. However, k-means has some problems mentioned in section 1. Suppose a numerical 

dataset 𝑋 = {𝑥1, 𝑥2, … , 𝑥𝑛}, where n is the number of data. First, the number of clusters (k) is denoted. Then, 

the algorithm randomly determines the centroid as many as k. Each of the data is measured to each centroid. 

A precise distance calculation using a certain formula is employed to measure each data point to each 

centroid at each iteration. The closest centroid is given the location. Next, the centroid is recalculated to get 

the midpoint for each cluster. Iteration ends if the centroid does not change; if it does, iteration proceeds [33]. 

Algorithm 1 shows the k-means clustering algorithm pseudocode. 

 

Algorithm 1. K-means clustering 
Input:  

    D ← dataset containing n data points {x₁, x₂, ..., xₙ} 
    k ← desired number of clusters 

    max_iter ← maximum number of iterations (optional) 

 

Output: 

    C ← set of centroids {c₁, c₂, ..., cₖ} 
    L ← cluster labels for each data point 

 

Begin 

    1: Initialize centroids C = {c₁, c₂, ..., cₖ} randomly from D 
    2: iter ← 0 

    3: repeat 

    4:     for each data point xᵢ ∈ D do 
    5:         Compute Euclidean distance between xᵢ and each centroid cⱼ 

    6:         Assign label lᵢ ← argminⱼ distance(xᵢ, cⱼ) 

    7:     end for   

    8:     for each centroid cⱼ ∈ C do 
    9:        Update cⱼ ← mean of all xᵢ such that lᵢ = j 

    10:    end for     

    11:    iter ← iter + 1 

    12: until convergence or iter ≥ max_iter 

    13: Return C and L 

End 

 

3.3. K-means++ 

K-means++ is developed to handle the limitations of k-means clustering. This algorithm differs from 

classical k-means when figuring out the initial centroid. The k-means++ algorithm enhances the conventional 

k-means method by systematically choosing the initial centroids, thereby improving clustering efficiency and 

decreasing the probability of converging to suboptimal local minima [4], [15]. Algorithm 2 shows k-means 

clustering algorithm pseudocode. 
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Algorithm 2. K-means++ Initialization 
Input: 

    D ← dataset containing n data points {x₁, x₂, ..., xₙ} 
    k ← desired number of clusters 

 

Output: 

    C ← set of initial centroids {c₁, c₂, ..., cₖ} 
 

Begin 

    1: Choose the first centroid c₁ randomly from D 
    2: C ← {c₁} 
    3: while |C| < k do 

    4:     for each data point x ∈ D do 
    5:         Compute D(x) ← distance from x to the nearest centroid in C 

    6:     end for   

    7:     Compute probability distribution P(x) ∝ D(x)² for all x ∈ D 
    8:     Select next centroid cᵢ from D using probability P(x) 

    9:    Add cᵢ to C 

    10: end while 

    11: Return C 

End 

 

3.4. Variance k-means++ (proposed method) 

A limitation of both k-means and k-means++ algorithms is their reliance on randomly selected 

initial centroids. This stochastic initialization can lead to unstable clustering outcomes, as different choices of 

initial centroids may yield varying cluster configurations. Variance k-means aims to mitigate this problem by 

evaluating the variance of the data. Initially, the algorithm computes the mean of the dataset, which serves as 

the central point. Subsequently, the variance is determined and halved. This half-variance is then employed to 

draw lines extending from the central point outward to the right and left. The endpoints of these lines are 

designated as pseudo-centroids. The real two centroids are determined based on these pseudo-centroids. The 

algorithm of Variance-k-means++ consists of three main stages, as shown in Figure 1, those are statistical 

processing, variance distance measurements, and centroid initialization. This algorithm commences upon the 

introduction of the dataset into the first stage. Below is the detailed description of each stage: 

 

 

 
 

Figure 1. Framework outline of variance k-means++ 
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3.4.1. Statistical processing 

This step has two processes, calculating the mean of the data and calculating the variance of data. 

First, calculate the mean of the data. This process helps find the midpoint. This midpoint acts as a solution to 

ensure the starting points, or centroids, are not chosen randomly but are instead organized in a way that 

makes the final clusters more stable. The formula for the mean is shown in (1). 

 

𝑥 =
∑ 𝑥

𝑛
  (1) 

 

𝑥 is the mean value, ∑ 𝑥 is the sum of data, while 𝑛 is number of the data. 

Calculating variance aims to understand the distribution of data. When the furthest point is measured 

from the midpoint, it should not be farther than the half-variance point. Since this characteristic, half-variance 

can be employed to obtain the furthest points (left and right) and choose them as pseudo-centroids. pseudo-

centroid is a pseudo-point that is used as a basis for determining the initial centroid. Formula (2) shows the 

variance. 

 

𝑆2 =
∑(𝑥𝑖−𝑥)2

𝑛
 (2) 

 

𝑆2 is variance, 𝑥𝑖is the ith datapoint, x is mean, while n is the number of data points.  

 

3.4.2. Variance-distance measurement  

Variance-distance measurement (VDM) is used to find the furthest point measured based on the 

variance value. For horizontal VDM, measurements are taken both to the right and left of the mean position. 

Vertical VDMs are measured both up and down. The distances are half of the variance from the mean spot. 

Formulas (3) and (4) describe the process. 

 

𝑉𝐷𝑀𝑙𝑒𝑓𝑡−𝑑𝑜𝑤𝑛 =  𝑚𝑒𝑎𝑛 − (𝑆2

2
)   (3) 

 

𝑉𝐷𝑀𝑟𝑖𝑔ℎ𝑡−𝑢𝑝 =  𝑚𝑒𝑎𝑛 + (𝑆2

2
)   (4) 

 

VDM is the pseudo-centroid points, while mean is the mean value. 𝑆2

2
 is half-variance. 

Figure 2 depicts the illustration of VDM. The green points show datapoints, the red one represents 

the mean point, while the yellows are the pseudo-centroids. The dashed lines exhibit the variance distance. 

VDM is a pseudo-centroid point, which is the starting point for obtaining the initial centroid. 

 

 

 
 

Figure 2. Illustration of VDM 

 

 

3.4.3. Centroid initialization 

Two processes are conducted in this stage. An assignment of pseudo-centroid and assignment of the 

closest point to the pseudo-centroid as the initial centroid. Assignment of pseudo-centroid is to assign each of 
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the endpoints of VDM as a pseudo-centroid. This is called pseudo-centroid since it is not a real centroid, but 

a basis point for finding the proper initial centroid. From Figure 2, the pseudo-centroids are represented by 

the yellow points. 

The next process is to assign the closest point to the pseudo-centroid as an initial centroid. This 

process is conducted to the most left pseudo-centroid and the most right pseudo-centroid for horizontal 

variance, and the most up and the most bottom pseudo-centroid for vertical variance. The distance can be 

measured using Euclidean distance to obtain the closest one. The centroid initialization results in two initial 

centroids, because the focus of this research is to identify two initial centroids. Algorithm 3 describes the 

procedure of variance-k-means++. 

 

Algorithm 3. Variance-k-means++ 
Input:  

    Dataset X = {x1, x2, ..., xn}, number of clusters k 

 

Output:  

    Initial centroids for k-means 

 

Procedure VarianceKMeansPlusPlus(X, k): 

Begin 

1. Compute the global mean of the dataset: 

       mean_x = (1/n) * Σ xi.x 

       mean_y = (1/n) * Σ xi.y 

       mean_point = (mean_x, mean_y) 

2. Compute variance along each axis: 

       var_x = Variance({xi.x}) 

       var_y = Variance({xi.y}) 

3. Generate pseudo-centroids around the mean: 

       p1 = (mean_x + (var_x/2), mean_y)   // right 

       p2 = (mean_x – (var_x/2), mean_y)   // left 

       p3 = (mean_x, (mean_y + var_y/2))   // up 

       p4 = (mean_x, (mean_y - var_y))   // down 

4. For each pseudo-centroid pj: 

       Find the data point x* in X that minimizes distance(x*, pj) 

       Mark x* as a candidate centroid 

5. Select initial centroids: 

       If k ≤ 4: 

            Choose the first k candidate centroids 

       Else: 

            Use all four candidate centroids 

            Remaining (k-4) centroids will be chosen in step 6 

6. Continue with standard k-means++ seeding: 

       While number of chosen centroids < k: 

            For each data point xi in X: 

                 Compute D(xi) = squared distance to the nearest chosen centroid 

            Select a new centroid with probability: 

                 P(xi) = D(xi) / Σ D(xj) over all j 

       End While 

7. Return the set of k initial centroids 

End 

 

3.5. Evaluation 

In clustering problems, the algorithm is evaluated using DBI. The DBI is an internal evaluation 

metric used to assess the performance of clustering algorithms. Its objective is to measure the quality of 

separation and density among clusters without requiring ground truth labels [34], [35]. Formula (5) explains 

how DBI works. 

 

𝐷𝐵𝐼 =
1

𝑘
∑ 𝑚𝑎𝑥𝑖≠𝑗

𝑘
𝑖=1 (

𝑠𝑖+𝑠𝑗

𝑑(𝑐𝑖,𝑐𝑗)
)   (5) 

 

DBI is the value of Davies Bouldin index, k is the number of clusters, 𝑠𝑖 is the average distance between 

points in cluster 𝑖 and its centroid, while 𝑑(𝑐𝑖 , 𝑐𝑗) is the distance between centroid 𝑖 and centroid 𝑗.  

The DBI value is utilized to evaluate the degree of cohesiveness within clusters and the distance 

separating them. The closeness of members within a cluster indicates its cohesiveness, while the distance 

between clusters is evaluated by the degree to which they are separated from each other. A smaller DBI value 

points to better cluster formation. A favorable DBI value is within the range of 0 to 1, whereas a DBI value 

that surpasses 1 suggests potential overlap among the clusters. 

Another approach to evaluate clusters is by determining their convergence level. This convergence 

can be observed from the number of iterations that take place until the cluster achieves stability [21], [36]. 
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Minimizing the number of iterations contributes to more effective convergence. This indicates that these 

clusters attain a stable level at a faster rate. 

 

 

4. RESULTS AND DISCUSSION 

To evaluate our proposed method, a series of experiments was conducted. The results were assessed 

using the DBI and the number of iterations as a measure of convergence analysis. The lower DBI value 

indicates that the clusters are better cohesive and are well separated, while the fewer the number of iterations, 

the more efficient the cluster convergence. 

 

4.1. Datasets 

Datasets were collected from UCI machine learning, an online repository. Two datasets are used, 

Iris dataset and Seeds dataset. The use of two datasets. These two datasets were selected because their 

characteristics fit the criteria for this study. Both the Iris dataset and the Seeds dataset are frequently used in 

various experiments related to classification and clustering tasks.  

The Iris dataset consists of 150 records, and this data is typically used for classification problems. 

The dataset consists of three distinct classes, each with 150 instances, where every class corresponds to a 

particular type of iris plant. In this experiment, we removed the class labels since the task of our research is 

clustering, rather than classification. Another dataset, Seeds, contains 210 instances and 7 features with  

3 classes. For our research purposes, the dataset was tested in a low dimension. This initial investigation is 

only to understand the impact of the proposed method on low-dimensional data. The Seeds dataset was also 

treated similarly to Iris dataset. This initial investigation was conducted for low-dimensional data; therefore, 

both datasets were set to only two features. To implement this, dimension reduction is performed through the 

use of principal component analysis (PCA). 

 

4.2. Results 

For benchmarking, two methods, k-means and k-means++, were employed as baseline methods. The 

number of data is 151 for Iris and 221 for Seeds. The number of clusters, k, is set between 2 and 20, because 

the minimum number of clusters should be 2, and the maximum number of clusters is 20. The proposed 

method and the baseline methods were set to 2 features for initial investigation. 

Figure 3 shows the result of our series of experiments using Iris datasets, where VKM++ 

consistently records a lower DBI across k, which points to tighter intra-cluster cohesion and improved inter-

cluster separation. The dispersion-aware anchors help to reduce the chances of Seeds being poorly positioned 

near the boundaries. This indicates more stable partitions and a better structure. In the graph, the orange line 

signifies VKM++ vertical, the blue line denotes VKM++ horizontal, the green line signifies k-means++, and 

the red line depicts traditional k-means respectively. 

Figure 4 shows the comparison of the average value of DBI for Iris datasets, all the values are below 

1.00. The proposed method has a lower mean than k-means and k-means++, which indicates that, on average, 

the vertical and horizontal VKM++ have well-separated clusters. The proposed methods have the horizontal 

axis represents the methods, while the vertical axis represents the average values. The bar of VKM++ vertical 

represented by blue, VKM++ horizontal by yellow, k-means++ by green, and k-means by red. 

 

 

 
 

Figure 3. Davies-Bouldin index result for Iris dataset 
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Figure 4. The average values of DBI for Iris dataset 

 

 

Figure 5 shows the number of iterations required from k=2 to k=20 for Iris dataset, where VKM++ 

demands fewer iterations to reach convergence. The early assignments stabilize more quickly owing to Seeds 

that are situated near dispersion-informed extremes, thereby minimizing reassignment fluctuation. This 

produces notable runtime benefits in practical clustering scenarios. In this representation, the orange line 

illustrates VKM++ vertical, the blue line corresponds to VKM++ horizontal, the green line depicts k-

means++, and the red line represents k-means. 

The average values of iteration numbers for Iris dataset are depicted in Figure 6. The average 

number of iterations for vertical and horizontal VKM++ is less than that of k-means and k-means++. This 

demonstrates that the proposed technique is more efficient and converges more swiftly. The iteration average 

of each method is represented by its color. The vertical axis corresponds to the average value, while the 

horizontal axis represents the methods. The bar of VKM++ vertical represented blue, VKM++ horizontal by 

orange, k-means++ by green, and k-means by red. 

For the Seeds dataset, we used the same scenario to experiment. The experimental results of the DBI 

using the Seeds dataset are shown in Figure 7. In essence, VKM++ is still more simplified than the other two 

baseline methods, with the unique aspect being that both vertical and horizontal VKM++ possess identical 

values. Consistent with the prior figures, the brown shade indicates VKM++ vertical, the blue shade 

represents VKM++ horizontal, while the green and red shades correspond to k-means++ and k-means, 

respectively. The graph shows that all methods appear to be relatively balanced, except for the k-means. 

The average of DBI values is depicted in Figure 8. The graphic appears relatively balanced, except 

for the traditional k-means. This indicates that the dataset derived from the seed generates well-balanced 

clusters, with the exception of traditional k-means. The attributes are blue for VKM++ vertical, orange for 

VKM++ horizontal, while green and red for k-means++ and k-means. 

 

 

 
 

Figure 5. Number of iterations Iris dataset 
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Figure 6. The average iterations for Iris dataset 

 

 

 
 

Figure 7. Daves-Bouldin index Seeds dataset 

 

 

 
 

Figure 8. The average DBI for Seeds dataset 

 

 

Figure 9 shows that variance-k-means++ consistently demands fewer iterations than both k-means 

and k-means++. This indicates the robustness of deterministic centroid initialization, which circumvents the 

variable cluster assignments that often happen when initial Seeds are randomly chosen. The vertical and 

horizontal VKM++ perform with similar iterations number, while Figure 10 shows the average of iterations for 
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Seeds dataset. The results indicate that the number of iterations for variance-k-means++ is better on average 

than k-means and k-means++. To summarize, we analyzed four different methodologies: Traditional k-means, 

k-means++, variance-k-means++ (horizontal), and variance-k-means++ (vertical). Each methodology was 

assessed with k parameter from 2 to 20, and the outcomes were averaged over multiple trials. 

As demonstrated in Tables 1 and 2, the DBI value and the iterations of VKM++, whether vertical 

or horizontal, exceed the performance of k-means and k-means++. A lower DBI value suggests that VKM++ 

provides a more resilient cluster, while fewer iterations in VKM++ reflect a more rapid convergence into 

stable clusters. 

 

 

 
 

Figure 9. The number of iterations Seeds dataset 

 

 

 
 

Figure 10. The average of iterations for Seeds dataset 

 

 

Table 1. The average values of DBI 
Method Datasets Avg. DBI Avg. Iteration 

VKM++ vertical Iris 0.756 5.158 
VKM++ horizontal Iris 0.771 5.474 

k-means++ Iris 0.830 8.842 

k-means Iris 0.802 9.000 

 

 

Table 2. The average iterations 
Method Datasets Avg. DBI Avg. Iteration 

VKM++ vertical Seeds 0.612 6.421 

VKM++ horizontal Seeds 0.635 6.789 
k-means++ Seeds 0.648 9.105 

k-means Seeds 0.701 8.947 
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4.3. Discussion 

Figure 3 displays DBI values for the Iris dataset, which is initially balanced at k=2. As k increases, 

the proposed technique achieves a decreased DBI value at k=20. A lower DBI value suggests that the 

generated clusters are more cohesive. The experiment found no overlapping clusters, as all DBI values were 

below 1.00. The average DBI value in Figure 4 indicates that the proposed method has a lower average. In 

comparison to k-means++ and traditional k-means, variance-k-means++ demonstrates better cohesion.  

Figure 5 illustrates the dynamics of values for the number of iterations with the Iris dataset. However, the 

proposed method is marginally more efficient than both baseline methods. Figure 6 also illustrates that, on 

average, variance-k-means++ iterations, both vertical and horizontal, are more efficient than k-means++ and 

k-means. 

When utilizing Seeds, its performance exhibits similarities to the Iris dataset. Figures 7 and 8 depict 

the performance using Seeds dataset. In this experiment, the performance of the proposed method is almost 

similar to k-means++, while k-means is not as good as others. The number of iterations of the proposed 

method outperforms the baseline methods, as shown in Figures 9 and 10. From the experiment result, 

variance-k-means++ shows better performance in the number of iterations compared to k-means++ and  

k-means. The result reflects variance-k-means++, which this method is created to stabilize the number of 

iterations. By controlling the initial centroid selection, the cluster becomes stable, and the number of 

iterations is minimized. However, the research is conducted only for two-dimensional data. It is proven that 

for low-dimensional data, the method has worked well. The challenge of this study is when it faces high-

dimensional data. Therefore, future study is very important to investigate the high-dimensional data on this 

variance-k-means++. 

VKM++ offers enhanced clustering performance due to its deterministic and dispersion-aware 

initialization approach. In contrast to k-means and k-means++, which depend on random or probabilistic 

seeding, VKM++ calculates the global mean and positions pseudo-centroids at half-variance. This method 

guarantees that the initial Seeds are spread across areas that reflect the natural distribution of the data instead 

of being randomly allocated. 

The DBI evaluates cluster quality by considering intra-cluster cohesion and inter-cluster separation. 

By situating centroids near the extremes of dispersion, VKM++ minimizes cluster overlap and enhances the 

separation between clusters. As a result, the clusters become more compact internally and more distinct from 

one another, leading to lower DBI values when compared to k-means and k-means++. 

The impact on convergence is associated with the optimal positioning of centroids. Since VKM++ 

begins with centroids that are closer to their ideal locations, fewer modifications are required during the 

iterative updates. This reduces oscillations in the assignments of data points and speeds up convergence. 

Empirical evidence demonstrates that VKM++ necessitates considerably fewer iterations than traditional 

methods, thereby decreasing computational time while preserving or enhancing clustering quality. 

A systematic comparison of the Iris and Seeds datasets reveals consistent performance trends for the 

proposed method, particularly in terms of clustering quality and efficiency. In all datasets, variance-k-

means++ consistently achieves lower DBI values compared to random initialization and standard k-means++, 

which signifies more compact clusters and improved inter-cluster separation. Furthermore, the proposed 

method displays faster convergence, requiring fewer iterations to reach stable solutions. However, the level 

of improvement varies across datasets. These cross-dataset trends indicate that the proposed method 

generalizes well across various data characteristics while also revealing dataset-dependent behaviors that 

affect the relative performance gains. 

The results of our study are consistent with and further develop prior research on centroid 

initialization strategies within k-means clustering. Probabilistic seeding techniques, such as k-means++, have 

illustrated that distance-aware initialization significantly bolsters clustering stability by encouraging well-

separated initial centroids. Similarly, the literature on distance-based and deterministic initialization methods 

stresses the significance of structured centroid placement to lessen sensitivity to random initializations and 

poor local minima. 

While the results are promising, this study has several limitations that need to be acknowledged. The 

proposed method has been evaluated mainly on low-dimensional datasets, where distance metrics and 

variance estimates are highly interpretable and can be visually verified. In higher-dimensional spaces, data 

often exhibit sparsity and strong correlations among features, which can compromise the effectiveness of 

variance-based centroid placement. In these scenarios, the direct application of marginal variances may not 

adequately capture the true geometry of the data. Therefore, preprocessing techniques such as PCA may be 

necessary to ensure stable and meaningful initialization. These considerations will be viewed as important 

directions for future research to validate the robustness and scalability of the proposed approach in more 

complex data environments. 
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5. CONCLUSION  

This study proposed a new algorithm to determine initial centroid in k-means. Our investigation is 

focused on determining the first of two centroids and ensuring that the initial centroid is not selected 

randomly. The features are limited to low-dimensional data for initial study. The starting centroid is chosen 

based on the midpoint of the data, and the distance is measured both vertically and horizontally using the 

variance values. The clustering process then follows the k-means++ algorithm. We evaluated the results 

using the DBI and the number of iterations for convergence analysis. The aim is to reduce the DBI and 

minimize the number of iterations. The findings demonstrate that both the DBI and the number of iterations, 

on average, exhibit a decline, indicating that the variance-k-means++ algorithm runs as expected. For Iris 

dataset, the DBI value is 0.756 for vertical VKM++ and 0.771 for horizontal, while k-means is 0.802 and k-

means++ is 0.830. Whereas the average of the iteration number decreases significantly. Vertical VKM++ has 

iteration average of 5.158, horizontal VKM++ as 5.474. They are better than k-means 9.00 and k-means++ 

8.842. Better performance can lead to this method in several real-world applications, such as anomaly 

detection, image clustering, and document embedding clustering. 

However, the current study has limitations, such as handling multi-dimensional data and the lack of 

evaluation on streaming data. Future research may focus on investigating multi-dimensional data and 

applying this method to text data. Additionally, further evaluation could be conducted using the elbow 

method and the silhouette coefficient. 
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