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Abstract: Nowadays, customer segmentation is considered a well-established marketing strategy followed for the 
management of customer relationships for increasing profitability and delivering customer-centric services. In customer 
segmentation, customers of similar characteristics are categorized into the same groups. Various clustering algorithms are 
employed for identifying the purchase behavior of customers to increase profits, but these techniques encountered 
shortcomings in simplifying the decision-making process while utilizing the large database. In this research, the Weighted 
Kernel Fuzzy C-Means+ Kullback–Leibler -Mumford Shah Loss (WKFCM+ KL-Mumford Shah Loss) is designed for the 
segmentation of customers in Electronic Commerce (E-commerce). At first, the input customer data is accumulated from the 
database for customer segmentation. Here, the catalog portioning is executed and then, customer segmentation is performed 
for each partitioning using WKFCM with KL-Mumford Shah Loss Thereafter, the segmented feature matrix is formed for the 
users by considering the relative category, and the customer segmentation is performed finally using Deep Embedded 
Clustering (DEC). In addition, the superiority of WKFCM+ KL-Mumford Shah Loss is validated by comparing with prevailing 
segmentation schemes. The WKFCM+ KL-Mumford Shah Loss attained clustering accuracy, random coefficient, and Hubert 
index of 93.677%, 89.765%, and 90.876% respectively.  
 
Keywords: Customer Segmentation, Clustering Algorithms, E-Commerce, Customer Relationship Management, Weighted 
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Nomenclature 
Abbreviation Expansion 
BDA Big Data Analytics 
BI Business Intelligence 
K-means-PSO-ANN K-means-Particle Swarm Optimization- Artificial Neural Network 
PCA+GMM Principal Component Analysis+Gaussian Mixture Model  
MTS Multivariate Time Series  
CH Calinski–Harabasz 
FCM Fuzzy C-Means 

1. Introduction 
Nowadays, E-commerce is growing vigorously worldwide with the progress of various E-commerce 
platforms, like JD.com, Tmall, Amazon, and so on [5]. E-commerce grows continuously due to the 
advancement of internet technologies and it continuously grows with the increasing development of new 
technologies [6]. E-commerce platforms are becoming more popular and are implemented in almost every 
business area to promote products to customers and support marketing online [4]. Nowadays, the E-
commerce system acts as a new shopping channel due to the movement of various shopping outlets to the 
Internet. The conversion of more customers and businesses to E-commerce tends to continuously change 
the shopping styles of customers, regardless of the business-to-customer or business-to-business 
transactions [6]. Thus, E-commerce plays a vital role in ensuring stimulating economic growth, supply of 
living materials, and ensuring basic production. E-commerce platforms must gain the attention of more 
customers, which also meets the customer needs to get more customers. The diversification of customer 
needs varies based on the various products and services preferred by different customers [5]. Thus, it is 
important to understand the customers and the interaction patterns among online companies to increase 
the growth of the online market. In recent years, for profit-making, companies often set goals and perform 
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different validation to adjust marketing strategies and manage customer relations to achieve these goals 
[6].  

Customer segmentation is considered the fundamental strategy performed to understand the behavior 
of customers across different industries [9]. It involves the categorization of customers into various groups 
by considering the particular preferences and needs of the customer as well as their shared characteristics 
[9]. Customer segmentation is frequently applied in strategic marketing to provide the idea of dividing 
heterogeneity into homogeneous forms [7]. In the customer segmentation framework, BDA and BI are 
employed for marketing both established and new products and to discern the prospective customer profile. 
Meanwhile, the techniques encountered a lack of contextual framework and influenced decision marketing 
strategic issues [2]. Also, the classical customer segmentation techniques affected the breaking of 
marketing strategies and did not effectively respond on time to huge customer data [8]. Thus, the 
unlabelled data are converted into groups called clusters based on the manual work and increasing amount 
of data for segmentation. The clustering techniques analyze and segment the characteristics of members 
who are similar to each other and differ from members of other clusters [10]. The clustering analysis 
categorizes the E-commerce customers based on the customer's interested brand, specific product, 
purchasing habit, or spending habit. The clustering approach segments the customers by processing the 
collected data [4]. Meanwhile, the clustering approaches encounter some gaps in the existing literature. 
Most of the algorithms used for customer segmentation did not consider the operation efficiency of the 
algorithm while selecting the clustering algorithm [5].  

This paper presents the WKFCM+KL-Mumford Shah loss approach for customer segmentation in E-
commerce. Initially, the input multi-category data is accumulated from the database for customer 
segmentation. Then, the accumulated multi-category data is subjected to catalog partitioning, and 
customer segmentation for each partitioned data is performed using WKFCM with the KL-Mumford Shah 
loss function. Following this, the formation of the user-to-segment matrix is performed. Further, the final 
customer segmentation is executed using DEC for the analysis of customer data.  

The primary contribution of the research is summarized as follows, 
 Developed WKFCM+KL-Mumford Shah loss for segmentation of customers: The 

WKFCM+KL-Mumford Shah loss is designed for customer segmentation in E-commerce. Here, the 
customer segmentation for each portioned category is performed using WKFCM by considering the 
KL-Mumford Shah loss function. Further, the final segmentation is done using the DEC. 

The article is organized in a subsequent way as follows; section 2 explicates the brief review of 
prevailing literature employed for customer segmentation. In section 3, the designed approach for customer 
segmentation is portrayed. In addition, section 4 elucidates the results and discussions followed, and 
section 5 shows the conclusion with future work of the article. 

2. Motivation 
Customer segmentation plays a crucial part in the marketing industry, and it helps organizations meet 
and understand the demands of consumers for increasing their services and managing customer 
relationships. The prevailing techniques employed for customer segmentation effectively analyze the 
values of customers accurately and meet the timely needs of customers. However, the prevailing techniques 
utilized historical order of customer data that cannot reflect the customer behavioral performance fully 
during feature selection, which was also time-consuming. Also, the efficiency of algorithmic operations was 
not considered by prevailing clustering algorithms. Thus, it encourages to design of a clustering technique 
for the segmentation of customers in E-commerce. 

2.1. Literature Review 

Alghamdi, A., [1] developed a K-means-PSO-ANN approach for customer segmentation to reveal customer 
satisfaction. In this model, the customers were segmented based on online reviews, and the segmentation 
analysis was performed by utilizing hybrid deep learning approaches. This model attained minimum errors 
during customer segmentation. Meanwhile, this approach failed to incorporate text mining techniques for 
the analysis and segmentation of customers. John, J.M., et al. [2] designed a PCA+GMM for customer 
segmentation to increase the decision-making process. Here, the customer values were quantified by 
utilizing the Recency, Frequency, and Monetary (RFM) framework. This model effectively handled 
mislabelled data samples and overlapping issues during customer segmentation under less computational 
time. However, this approach failed to apply the kernel function to increase the linear separability of the 
output of the GMM cluster. Wang, S., et al. [3] introduced Dynamic Customer Segmentation by combining 
Length, Recency, Frequency, Monetary, and Satisfaction (LRFMS) and MTS (DCSLM) for dynamic 
customer segmentation to maintain the profitability of the group. Here, the dynamic time wrapping was 
incorporated with the MTS clustering approach based on complexity-invariant dissimilarity, shape-based 
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distance, and multiple dimensions. This model significantly provided more detailed data descriptions and 
positioned the customer more accurately. However, this approach was not successful in utilizing customer 
information, like browsing history, reputation, and geographic location for customer segmentation. 
Tabianan, K., et al. [4] established SAPK + K-Means-based clustering technique for the segmentation of 
customers in E-commerce. Here, the relationship among three clusters, like categories, products, and types 
was taken under consideration to develop highly profitable segments. This technique determined the 
behaviors of customers more accurately under a low error rate, but it failed to employ deep learning-based 
techniques for the segmentation of customers. Wu, Z., et al. [5] devised the Recency, Frequency, Money, 
Add to Cart, and Add Favourites (RFMCV) approach for the selection of segmentation features to segment 
customers in E-commerce. Here, the initial clustering center was selected by utilizing the K-means++ 
algorithm, and the optimal number of clustering was determined using the CH index. This approach 
effectively stimulated the consumption potential by maintaining the important profit source in the E-
commerce platform. Meanwhile, this model failed to classify customers by considering more features of 
consumer behavior and also failed to utilize density-based clustering, hierarchical clustering, and other 
clustering techniques to increase performance. 

2.2. Challenges 

The limitations of baseline customer segmentation techniques are enlisted as follows, 
 The K-means-PSO-ANN model employed in [1] failed to utilize the large database to better identify 

the segments and estimate the effects with high precision during the segmentation of customers. 
Also, this approach was not successful in determining its effectiveness based on prediction 
accuracy. 

 The PCA+GMM approach used in [2] was not successful in providing accurate insights for the 
segmentation of customers by utilizing sophisticated machine learning algorithms like spectral 
clustering to validate the behavior of customers.  

 The DCSLM technique utilized in [3] significantly reduced the time complexities for recording 
dynamic customer behavior during customer segmentation. However, this model failed to obtain 
comprehensive customer information for identifying customer behaviors in various areas. 

 The RFMCV technique used in [5] failed to handle data inaccuracies or uncertainty problems by 
utilizing fuzzy similarity consumptions for the segmentations of customers. Also, it was not 
successful in maintaining the important profit sources for customer segmentation in the E-
commerce platform. 

 The baseline approaches employed for customer segmentation were not successful in 
understanding the customer purchase behavior to increase profitability and provide customer-
centric service by considering the operation efficiency of the clustering algorithm.  

3. Designed Weighted Kernel Fuzzy C-Means+ KL-Mumford Shah Loss 
(WKFCM+KL-Mumford Shah loss) for customer segmentation 

This paper presents WKFCM+KL-Mumford Shah Loss for the segmentation of customers in E-commerce. 
The input multi-category data is initially accumulated from the database [11] and then the input data is 
subjected to catalogue partitioning, where the customers are grouped based on the categories of the 
products they purchase. Thereafter, customer segmentation using WKFCM [12] is executed for each 
partitioned data by considering the KL-Mumford Shah loss function according to the finer details of their 
purchase. Here, the KL-Mumford Shah loss function is designed by incorporating KL divergence loss [13] 
and the Mumford-Shah loss function [14]. Then, the user-to-segment matrix is constructed from the 
segmented customers. Finally, customer segmentation is performed using the analysis of customer data 
using DEC [15]. Further, the abstract view of the WKFCM+KL-Mumford Shah loss model for customer 
segmentation is displayed in Fig. 1. 
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Fig. 1. Abstract view of WKFCM+KL-Mumford Shah loss model for customer segmentation 

3.1. Multi-Category Data Acquisition 

At first, the multi-category data is accumulated from the E-commerce Customer Behavior and Purchase 
dataset [11] for customer segmentation in E-commerce, and is expressed as, 

1 2 3, , ,..., ,...,E PC C C C C C                  (1) 

Where, the total dataset considered for the segmentation of customers is represented as C , EC

represents the thE  multi-category data taken as input for customer segmentation and the total available 
multi-category data is indicated as P . 

3.2. Catalogue Partitioning 

In catalog partitioning, the customers are divided into distinct groups based on the characteristics of the 
products they purchase to increase the customer experience and marketing strategies. Catalog partitioning 
plays a crucial role in customer segmentation in E-commerce, as it helps to enhance marketing tactics and 
customer engagement. In this research, the input multi-category data EC is partitioned into different types 

of categories to understand the preferences and needs of customers in providing suitable services. Here, 
the input multi-category data EC is split based on category as per the type of products for each customer. 

For instance, let us consider the total number of X customers 1 2 3, , ,..., XG G G G G    , where each customer 

buys products from N categories, and is given by 1 2 3, , ,..., NP P P P P    . Thus, the catalog partitioning of each 

customer is delineated in Fig. 2.  
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Fig. 2. Catalogue partitioning of customer 

 
For analysis, only 4 customers and 3 groups are considered here. The customers are grouped into 

various categories based on the products purchased. 

3.3. Customer Segmentation for Each Partition  

Customer segmentation is the process of dividing customers into segments or subgroups by considering 
the relationships between the items and their behavior patterns in various categories. Here, the customer 
segmentation is executed for each partition using WKFCM [12] based on the KL-Mumford Shah loss 
function, where the KL-Mumford Shah loss function is the incorporation of KL divergence loss [13] and 
Mumford-Shah loss function [14]. The WKFCM is effective in handling high-dimensional data and is robust 
to outliers. The process performed during the customer segmentation for each partitioning is demonstrated 
as follows, 
 

Customer segmentation using WKFCM based on KL-Mumford Shah loss function:  
The WKFCM [12] model is the improved version of classical FCM by modifying the fuzzy cluster 
optimization, the membership degrees, and the kernel function. The FCM with kernel function  ,W a b is 

expressed as, 

     , ,W a b a b                               (2) 

Here, a non-linear function that is utilized to map low-dimensional to high-dimensional feature space 
is represented as , and the inner product is signified as  . . Further, a denotes the data and b stipulates 

the cluster. Then, the Gaussian kernel function is used to modify the vector and is given by, 

   2 2, expW a b a b                               (3) 

Where the characteristic parameter of kernel functions is denoted by . The WKFCM extraction 
algorithm with objective function is designated as, 

1 1
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                      (4) 

Where, X indicates the number of clusters, g
rsu designates the membership value, and Y is the number 

of data points, the KL-Mumford Shah loss function is denoted by L . The membership value is designated 
as,  
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Here, g stipulates the weighting exponent, and rw designates the cluster centroid given by, 
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Further, the KL-Mumford Shah loss function is the incorporation of KL divergence loss [13] and 
Mumford-Shah loss function [14]. The expression of KL-Mumford Shah loss function is expressed as, 

   1 2MSL KLL L L                                   (7) 

From the expression, the scaling factor is indicated as 1 and 2 , the Mumford-Shah loss function is 
symbolized as MSLL , and the KL divergence loss is signified as KLL . 

Mumford-Shah loss function: The Mumford-Shah loss function [14] is used to perform computer 
vision tasks that help the network utilize unlabeled data as elements for training. The expression of the 
Mumford-Shah loss function is given by, 

2
k k

MSL uv u v uv
u v u v

L F Y Z F
 

                                  (8) 

Here, vZ indicates average voxel intensity, uvF represents the categorized data, uY designates the actual 

data, the approximate total variant is denoted by uvF , and  signifies parameters that balance the 

influence. 
KL divergence loss function: The KL divergence loss function [13] is used to compute the distance 

among two probability distributions, which is expressed as,  

log uv
KL uv

uvu v

M
L Min M

N

 
  

 
                     (9) 

Where, the sharpened clustering distribution is represented as uvN , and the actual clustering 
distribution is given by uvM .  

To perform customer segmentation, the WKFCM considers the input data and then, the cluster 
centroids are found using the standard FCM, which are fed to the WKFCM as input. Thereafter, using 
equation (6), the membership values are found. The process is repeated till the maximum iteration is 
reached and the cluster centroids are updated using equation (7). Thus, each customer is segmented into 
groups for each category by considering imbalanced clustering, which is displayed in Fig. 3. Here, each 
customer is categorized into groups based on their behavior patterns. For instance, in the category 1P  the 
customer 1G and 2G in each partition are clustered in the segment 1J , whereas in the group 2J , the 

customers 3G as well as 4G are grouped. Similarly, the customer 1G , 3G in each partition are clustered in 
the segment 1J , and the customer 2G as well as 4G are clustered in the group 2J under a category 2P . 

Further, in the category 3P  , the customers 4G  3G are clustered in the group 1J , whereas the customers 2G  

1G are clustered in group 2J .  
 

 
Fig. 3. Customer segmentation for each partition 

3.4. Formation of the user to Segment Feature Matrix 

The segmented feature matrix is created to determine the behaviors, preferences, and trends of customers 
within each segment for providing targeted marketing efforts. During the formation of the segmented 
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feature matrix, the segmented customers obtained for each partition are arranged as per the customer 
group and category. The segmented feature matrix S formed for the segmented customer-based ln their 
categories is delineated in Table 1.  
 

Table 1. Segmented feature matrix formation 
CUSTOMER CATEGORY 

1P  2P  3P  

1G  1J  1J  2J  

2G  1J  2J  2J  

3G  2J  1J  1J  

4G  2J  2J  1J  

3.5. Final customer segmentation using DEC 

Once the segmented feature matrix S  is created, the customers are finally segmented based on their 
categories into groups. Here, the customer segmentation is performed finally using DEC [15], and the 
segmentation process performed in DEC is explicated below, 
The DEC [15] is considered an unsupervised clustering technique, which is used to significantly map the 
lower-dimensional feature space from the created segmented matrix by iteratively optimizing the 
clustering objective. The DEC is less sensitive and helps to assign clusters and learns feature 
representation using deep neural networks by offering the advantages of superior performance, high 
scalability, and feature representations. The DEC utilizes non-linear mapping by transforming the data to 
partition the files, once the created segmented feature matrix is fed into it. Here, the partitioning is 
performed under two steps, namely parameter initialization as well as optimization. At first, a deep 
autoencoder is used and the clustering is performed in the second step, where the steps are repeated 
continuously between the auxiliary target distribution calculation and KL divergence. Assume, a set of p

points   1
p

s s
q Q  is partitioned into d clusters. The DEC uses non-linear mapping :a Q V  for transforming 

data into a latent feature space V . The learnable parameters a  and  1
d

w w
 

are estimates for initiating the 

clustering process, here the cluster centroid is signified as  .  
 

Clustering Using KL Divergence 
In DEC, the cluster refinement and soft assignment are altered using non-linear mapping a and original 

estimate of the   1
d

w w
 

 to perform unsupervised clustering. Then, the function a is modified and the 

cluster centroids are refined by employing an auxiliary target distribution. The steps are continuously 
followed till satisfying the convergence condition and the clustering process performed is briefly 
demonstrated in the following steps.  

(1) Soft assignment: The student’s t-distribution is used as the kernel in soft assignment for the 
estimation of similarity among the centroid w and embedded point sh , where the probability of assigning 

samples swI  is expressed as,  
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here, the degree of freedom is given as   and after embedding  i a sz q Q  corresponds to sI V . 

(2) Minimization using KL divergence: The auxiliary target function is used to iteratively refine 
the clusters by learning high-confidence assignments. Here, the model is trained by matching the target 
to the soft assignment. The KL divergence loss is measured using the equation (7).  
Later, the values are normalized using the frequency per cluster and are designated as,  
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                     (11) 
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where the frequencies of the soft cluster are signified as s sws
D N , swN is the probability of assigning 

the sample s to the cluster w  Hence, the DEC increased low confidence predictions and effectively 
segmented the customers finally. Fig. 4 shows the final segmented customers, where the customers 1G and 

2G are segmented under group 1J and customer 3G as well as 4G are segmented under group 2J . 
 

 
 

Fig. 4. Final segmented customers 

4. Results and Discussion  
The outcomes obtained from the experiment by the WKFCM+KL-Mumford Shah loss model used for 
customer segmentation in E-commerce and the discussions followed are demonstrated below, 

4.1. Experimental Set-Up 

The WKFCM+KL-Mumford Shah loss technique designed for the segmentation of customers is 
implemented using a Python tool. 

4.2. Dataset Description 

The multi-category data accumulated for customer segmentation is taken from the E-commerce Customer 
Behavior and Purchase dataset [11]. This database is a synthetic database created by utilizing the Faker 
Python library. This database possesses purchase history and various aspects of customer behavior 
collected from the digital marketplace. The database is designed mainly for predictive modeling and data 
analysis in the area of E-commerce. This database is highly suitable for trend analysis, recommendation 
systems, market basket analysis, and prediction of customer churn. The column information of the 
database mainly comprises churn, returns, payment method, amount purchased, quantity, price of the 
product, category of product, purchase date, gender, age, name, and ID of the customer.  

4.3. Performance Metrics 

The efficacy of the WKFCM+KL-Mumford Shah loss model designed for customer segmentation in E-
commerce is validated using different evaluation measures, which are delineated as follows, 

(i) Hubert index: The Hubert Index is used to measure the clustering solution values to access the 
separation between the clusters using various sets of data points, and the expression of the Hubert index 
is given by, 

1

1 2
1

1
f f

ge ge
g e g

Hubert index A A
B



 

                                          (12) 

here, B represents total pairs of points, the total data points are signified as f , as well as 1A and 2A

indicates the objects of certain classes.  
(ii) Clustering accuracy: The clustering accuracy [16] is the accurately assigned data points of true 

classes from the total classes, which is given by, 

   1
,

B

c cc
Clustering accuracy k map l

B
                                   (13) 

where the ground truth label of the data point is indicated as ck ,  designates the Dirac delta function, 
and cl indicates clustering of the point. 

(iii) Rand coefficient: The Rand coefficient is used to accurately estimate the pairs of data points 
clustered with each other by comparing the clustering outcome with the partitioned ground truth, where 
the expression of Rand coefficient is given by, 

1 4

1 2 3 4

Rand coefficient
 

   



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                                (14) 



  Journal of Networking and Communication Systems                                                                                    Vol.7 No.4 Oct 2024 
 

20 

Here, the true positive is signified as 1 , false positive is indicated by 3 , a false negative is represented 
as 4 , and 2 denotes true negative. 

4.4. Performance Analysis 

Fig. 5 depicts the performance valuation of WKFCM+KL-Mumford Shah loss utilized for customer 
segmentation by altering training data. In Fig. 5(a), the validation of WKFCM+KL-Mumford Shah loss by 
utilizing the Rand coefficient is demonstrated. Here, the WKFCM+KL-Mumford Shah loss observed a Rand 
coefficient of 0.857, 0.865, 0.876, and 0.897 with 90% training data for iterations 10, 20, 30, and 40. The 
analysis of WKFCM+KL-Mumford Shah loss in terms of clustering accuracy is depicted in Fig. 5(b). For 
training data of 90%, the clustering accuracy of 0.876, 0.888, 0.908, and 0.936 is recorded by WKFCM+KL-
Mumford Shah loss for 90% training data, and iteration 10, 20, 30, and 40. Further, Fig. 5(c) shows the 
validation of WKFCM+KL-Mumford Shah loss employing the Hubert Index. For 90% of training data, the 
Hubert index of 0.857, 0.876, 0.888, and 0.908 is measured by WKFCM+KL-Mumford Shah loss for 
training data of 90% as for 10, 20, 30, and 40 iterations.  

  
(a) (b) 

 
(c) 

Fig. 5. Performance evaluation of WKFCM+KL-Mumford Shah loss utilizing (a) Rand coefficient, (b) Clustering 
accuracy, and (c) Hubert index 

4.5. Comparative Techniques 

To quantitatively validate the effectiveness of WKFCM+KL-Mumford Shah loss, the performance of 
WKFCM+KL-Mumford Shah loss is validated with other baseline segmentation techniques. Here, the 
baseline schemes, such as K-means-PSO-ANN [1], PCA+GMM [2], DCSLM [3], and RFMCV [5] are 
considered.  

4.6. Comparative Analysis 

The supremacy of WKFCM+KL-Mumford Shah loss designed for the segmentation of customers in E-
commerce is demonstrated in Fig. 6.  
Here, the valuation of different customer segmentation models by utilizing the Rand coefficient is depicted 
in Fig. 6(a). The Rand coefficient of 89.765% is observed by WKFCM+KL-Mumford Shah loss for training 
data of 90%, whereas the Rand coefficient measured by existing techniques, like K-means-PSO-ANN is 
81.567%, PCA+GMM is 83.567%, DCSLM is 86.555%, and RFMCV is 87.666%. The results show that the 
WKFCM+KL-Mumford Shah loss outperforms other existing schemes with the maximum Rand coefficient. 
Here, the WKFCM+KL-Mumford Shah loss observed a maximum performance of 9.13% than the K-means-
PSO-ANN model. In Fig. 6(b), the validation of the WKFCM+KL-Mumford Shah loss model is introduced 
in this research, and other existing segmentation schemes are utilized for customer segmentation. From 
the graph, it is determined that the maximum clustering accuracy of 93.677% is measured by 
WKFCM+KL-Mumford Shah loss for 90% training data than other existing techniques employed for 
comparison. Likewise, the existing schemes recorded clustering accuracy of 84.788% by K-means-PSO-
ANN, 85.789% by PCA+GMM, 88.786% by DCSLM, and 91.566% by RFMCV. The results show that the 
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WKFCM+KL-Mumford Shah loss outperforms the existing RFMCV approach with a superior performance 
of 2.25%. In addition, the comparative evaluation of various approaches used for the segmentation of 
customers in E-commerce utilizing the Hubert index is depicted in Fig. 6(c). Here, the WKFCM+KL-
Mumford Shah loss measured Hubert index of 90.876% for 90% training data, where the prevailing 
approaches, like K-means-PSO-ANN, PCA+GMM, DCSLM, and RFMCV obtained Hubert index of 
82.665%, 85.789%, 87.544%, and 88.765%. It is noticed that the WKFCM+KL-Mumford Shah loss attained 
superior results of 5.60% than the PCA+GMM approach employed for comparison. 
 

  
(a) (b) 

 
(c) 

Fig. 6. Performance evaluation of WKFCM+KL-Mumford Shah loss utilizing (a) Rand coefficient, (b) Clustering 
accuracy, and (c) Hubert index 

4.7. Comparative Discussion 

The experimental results obtained by the WKFCM+KL-Mumford Shah loss approach introduced for 
customer segmentation in E-commerce and existing customer segmentation schemes are summarized in 
Table 2. The results show that the WKFCM+KL-Mumford Shah loss obtained superior performance with 
R and coefficient of 89.765%, clustering accuracy of 93.677%, and (c) Hubert index of 90.876% for 90% 
training data. Similarly, the Rand coefficient measured by baseline segmentation techniques, like K-
means-PSO-ANN is 81.567%, PCA+GMM is 83.567%, DCSLM is 86.555%, and RFMCV is 87.667%. The 
clustering accuracy recorded by existing techniques, like K-means-PSO-ANN, PCA+GMM, DCSLM, and 
RFMCV is 84.788%, 85.789%, 88.786%, and 91.566%, where the techniques also measured Hubert index 
of 82.665%, 85.789%, 87.544%, and 88.765%. The results proved that the WKFCM+KL-Mumford Shah loss 
outperforms existing schemes employed for comparison during the segmentation of customers in E-
commerce. The WKFCM significantly handled non-linear data by utilizing kernel functions for mapping 
data in high-dimensional space, which also captured complex patterns for the analysis of behaviors and 
preferences of customers.  
 
Table 2. Comparative discussion  

Metrics (%) 
K-means-
PSO-ANN 

PCA+GMM DCSLM RFMCV 
Proposed WKFCM+KL-
Mumford Shah loss 

Rand Coefficient 81.567 83.567 86.555 87.666 89.765 
Clustering accuracy 84.788 85.789 88.786 91.566 93.677 
Hubert index 82.665 85.789 87.544 88.765 90.876 

5. Conclusion 
In recent years, customer segmentation has been the most common practice followed in various industries 
like tourism, education, marketing, and so on. Customer segmentation helps organizations to understand 
the requirements of various demands of consumers for increasing the decision-making processes. In this 
article, customer segmentation in E-commerce industries is executed using the WKFCM+KL-Mumford 
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Shah loss model. Here, the multi-category data is initially acquired from the database and is subjected to 
catalog partitioning. Later, the portioned data is allowed for customer segmentation using WKFCM by 
considering the KL-Mumford Shah loss function. Then, the user segmented matrix is constructed for the 
segmented customers and the customer segmentation in E-commerce is finally performed for the validation 
of customer data using DEC. Moreover, the superiority of WKFCM+KL-Mumford Shah loss is validated 
by comparing with existing schemes employed for comparison. Here, the WKFCM+KL-Mumford Shah loss 
attained superior performance of clustering accuracy of 93.677%, Rand coefficient of 89.765%, and Hubert 
index of 90.876% than other baseline segmentation models. In future research, advanced deep learning 
techniques will be utilized for the segmentation of customers in E-commerce.  
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