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Tourism analytics is essential for understanding traveler behavior and supporting effective destination man-
agement. This study proposes a hybrid framework that combines deep learning, evolutionary optimization,
and fuzzy clustering to improve tourism data segmentation. A realworld tourism dataset is preprocessed
using Min-Max normalization and one-hot encoding. A Variational Autoencoder (VAE) is employed to extract
compact latent features from highdimensional data, while Reinforced Evolution Strategy (RES) selects the
most informative features by optimizing information gain and reconstruction quality. Fuzzy C-Means (FCM)
clustering is then applied to categorize tourism records while handling uncertainty through soft cluster mem-
berships. The clustering performance is assessed using Partition Coefficient (PC), Partition Entropy (PE), and
Xie-Beni Index (XB). Results demonstrate effective cluster formation, achieving a PC of 0.65, PE of 0.68 , and
clear cluster separation. The proposed framework also demonstrated strong destination retrieval and ranking
capability, achieving Precision@10 of 0.89 , Recall@10 of 0.86 , F1-Score of 0.88 , MAP of 0.91 , and NDCG of 0.93
. Compared to previous works, the model showed improved compactness and reduced ambiguity in cluster
membership.
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1. Introduction

Tourism serves as a foundation for economic development,
cultural exchange, and regional identity [1]. With increased
globalization and better availability of information, travel-
ers increasingly rely on intelligent recommender systems
to help them design a trip according to their special needs
[2]. Recommendation systems are able to help tourists
navigate destination choices, travelling routes, and accom-
modation planning with their preferences and historical
data to suggest options [3, 4]. Fuzzy logic has demon-
strated some advantages in uncertain environments over
the traditional recommendation systems based on crisp
values [5]. Given the variety of factors geographical, emo-

tional, and financial that influence a visitor’s experience,
intelligent tourism management systems require sophis-
ticated tools that are adaptive to user needs, can learn,
cluster and work with changing content, and recall user
interests [6]. Machine learning and soft computing meth-
ods are being exposed to and incorporated into tourism
analytics [7]. Theoretically they will improve the decision-
making performance and ability to cluster tourist attrac-
tion choices [8]. When working with the complexity of
individual and non-individual datasets, recommendation
systems based on clustering have become more desirable,
as users are now demanding more intelligent, personal-

ized, and sensitive recommendations [9]. Research in this
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area will begin with creating frameworks that are accurate,
scalable, and explainable, while staying consistent with
the way visitors now approach tourism [10]. The novelty
of the proposed framework lies in the hybrid integration
of Variational Autoencoder (VAE), Reinforced Evolution
Strategy (RES), and Fuzzy C-Means (FCM) clustering for in-
telligent tourism segmentation. This integration improves
cluster compactness, reduces membership ambiguity, and
better captures overlapping tourism preferences in high-
dimensional tourism data. The major contributions of this
study are summarized as follows:

¢ A hybrid intelligent tourism clustering framework
combining VAE, RES, and FCM is proposed for ef-
fective tourism behavior segmentation.

* A VAE-based latent representation strategy is em-
ployed to reduce high-dimensional tourism data while
preserving important behavioral patterns.

¢ The proposed framework improves fuzzy clustering
quality by reducing cluster ambiguity and enhancing
cluster compactness, as validated using PC, PE, and
XB evaluation metrics.

1.1. Research Objectives
* Analyze the capability of VAE in extracting mean-
ingful low-dimensional latent features from high-
dimensional tourism data.

¢ Implement RES to optimize the selection of informa-
tive features for improving clustering precision.

¢ Apply FCM clustering to identify overlapping tourism
behavior patterns and classify destinations based on
fuzzy membership.

1.2. Research Organization

The paper is divided into sections. The first section intro-
duces. Section 2 reviews the literature, Section 3 deals with
the dataset and preprocessing. Section 4 deals with the VAE
for feature extraction and RES for feature selection. Section
5 concerns the treatment of fuzzy clustering generating
membership, and clustering analysis. Section 6 analyzes
the experiments. Finally, the last section ends the work
with a conclusion of the study and scope for future work.

2. Literature review

J. Cui et. al., 2025 [11] constructed a smart tourism recom-
mendation system combining big data analytics and con-
textual ontology modeling. With this technique, the system
properly collects user preferences through conversion of

discrete and interval attributes into matrix and vector forms
and supplies personalized travel recommendations. J. Shen
et. al., 2016 [12] introduced a hybrid recommendation algo-
rithm involving fuzzy clustering and attribute-level feature
fusion. By applying their approach to preprocess user data,
cluster tourists and destinations, as well as fine-tune the
fusion of the most essential behaviour-based features im-
prove the view of tour route suggestions.

L. Yang, 2022 [13] were the first studied over travel rec-
ommendation to incorporate user interaction and collective
intelligence in an attempt to overcome the limitations of
traditional collaborative and content-based systems. Later,
Huang et al., [14] proposed a smart tourism system by
integrating FCM clustering with the Bat Optimization Al-
gorithm (BOA), attaining a clustering accuracy of 98% and
showing the usefulness of its IoT integration. Another sys-
tem was provided by Asaithambi et al., [15] proposed a
hybrid model for thematic travel planning through mul-
timodal big data analytics, CNN, NLP, and spark-based
learning techniques.

2.1. Problem Statement

Traditional fuzzy clustering approaches frequently exhibit
instability and a high sensitivity to noise and variation in
datasets, typically undermining their reliability in tourism
segmentation studies [16]. A number of tourism papers
make the clear mistake of using appropriate clustering
methods on mixed-type data irrespective of the clustering
algorithm’s suitability [17].

3. Proposed fuzzy clustering-based tourism recom-
mendation methodology

The proposed framework begins with the acquisition of a
publicly available tourism dataset from Kaggle containing
records from countries such as India, Japan, etc. The overall

work is shown in Fig. 1.

3.1. Dataset Description

The Kaggle Tourism Dataset [18] contains 5,989 tourism
records with both numerical features (visitors, ratings, rev-
enue) and categorical features (country, tourism category,
and travel purpose). The dataset contains both categori-
cal and numerical attributes. Min-Max normalization and
one-hot encoding were applied during preprocessing, fol-
lowed by VAE-based feature extraction, RES-based feature
selection, and FCM clustering for tourism behavior seg-
mentation.
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Fig. 1. Proposed Intelligent Fuzzy Clustering Framework
for Tourism Data Analysis.

3.2. Data Preprocessing

The Kaggle tourism dataset contains both numerical and
categorical attributes that require distinct preprocessing
strategies.

3.2.1. Min-Max Normalization

This is a process used to put a range to data scaling, wherein
values of a feature variable are brought into a pre-specified
range, usually [0, 1]. Thus, the standard transformation is
described by Eq. (1):

X! — X — Xmin 1)

Xmax — Xmin
where, X refers to the original value, Xy, is the mini-
mum value for the feature, whereas Xmax is the maximum
value. Min-Max normalization scales numerical tourism
attributes such as visitors, ratings, and revenue into a uni-
form range between 0 and 1. This prevents features with
larger numerical values from dominating the clustering
process and improves the stability and accuracy of VAE
feature extraction and FCM clustering.

3.2.2. One-Hot Encoding

It generates n binary features for any categorical variable
having n unique classes. One-Hot Encoding transforms
categorical tourism attributes such as country, tourism cat-
egory, and travel purpose into binary numerical vectors
without introducing ordinal relationships.

3.3. Feature Extraction

In this framework, feature extraction is performed using
a Variational Autoencoder (VAE) to transform the high-
dimensional preprocessed tourism data into a compact
latent representation.

3.3.1. Variational Autoencoder

The VAE architecture consists of a symmetric encoder-
decoder structure. The encoder comprises two fully con-
nected dense layers with 128 and 64 neurons respectively,
each followed by ReLU activation, which introduces non-
linearity while avoiding vanishing gradient issues. The
encoder outputs two vectors mean (y) and log-variance
(log (72) each of dimension 16, representing the latent space
parameters. The reparameterization trick samples latent
vector z as z = y + 0 © ¢, where ¢ ~ N(0,1),

A reconstruction convergence analysis was conducted
to verify the stability of latent feature learning during VAE
training. The reconstruction loss decreased steadily from
0.184 at epoch 10 to 0.132 at epoch 20, 0.098 at epoch 30
, and 0.081 at epoch 40 , indicating rapid learning of the
underlying tourism data patterns during the initial training
phase. Further reductions were observed at epochs 50 and
60 with reconstruction losses of 0.072 and 0.068 , respec-
tively. After epoch 60, the loss values stabilized gradually,
reaching 0.065, 0.063, 0.062, and finally 0.061 at epochs 70,
80, 90, and 100.

VAE Loss Function

The VAE model consisted of encoder and decoder dense
layers with ReLU activation. The latent dimension was set
to 16 after empirically evaluating dimensions {8, 16,32, 64}.
Smaller dimensions (e.g., 8) caused high reconstruction
error, losing discriminative tourism features, while larger
dimensions (e.g., 32, 64) introduced redundancy, reducing
FCM clustering stability. The model was trained using the
Adam optimizer with a learning rate of 0.001 , batch size of
32, and 100 epochs.

The VAE latent embeddings, Euclidean distances be-
tween mean latent representations (y) of the three tourism
categories were computed in the 16 -dimensional latent
space. The distances Beach vs. Cultural (2.84), Beach vs.
Historical (2.61), and Historical vs. Cultural (1.93) confirm
that semantically distinct categories are positioned farther
apart, while thematically similar categories remain closer.

KL Divergence

Kullback—Leibler (KL) Divergence quantifies the differ-
ence between two probability distributions, typically a
learned approximation and a prior, as in Eq. (2).

P(i)
Q(i)

Were, P(i) : True distribution (e.g., latent encoding from en-

Dk (P[Q) — ZP(i) -log (2

coder), Q(i) : Prior distribution (usually standard normal
N(0,1),%_i : Summation over all latent dimensions. The
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expected loglikelihood term in the VAE loss function mini-
mizes the reconstruction error between the input tourism
records and the reconstructed output, enabling the model
to preserve important tourism characteristics such as visitor
preferences, ratings, and travel patterns.

3.4. Feature Selection

Following VAE-based feature extraction, a feature selection
step is introduced to identify the most informative latent
dimensions for FCM clustering.

3.4.1. Reinforced Evolution Strategy

RES was preferred over GA, PSO, and ACO since GA has
high computational overhead, PSO converges prematurely
in high-dimensional latent spaces, and ACO involves com-
plex pheromone mechanisms unsuitable for continuous
feature optimization. The perturbation operator used in
RES is isotropic Gaussian mutation RES was implemented
with a population size of 50 and executed for 100 iterations
using Gaussian mutation for feature exploration.

Fitness Function (Information Gain + Error)

The fitness function evaluates the quality of selected fea-
tures by combining their information relevance and recon-
struction error. Eq. (3) defines the function as:

F(x) = a-IG(x) + B-RE(x), subjecttoa+ -1 (3)

Here, « and f are tunable weights, Information Gain(x)
quantifies feature usefulness, and Reconstruction Error(x)
measures how accurately VAE reconstructs the input.
RE(x)Reconstruction Error measures VAE reconstruction
quality. «, B-Weighting coefficients; « = 0.6, f = 0.4 in this
study. The RES framework, Information Gain evaluates the
relevance of features by measuring their ability to reduce
uncertainty and improve discrimination among tourism
patterns.

Evolutionary Update Rule

The reward signal adapts dynamically based on each candi-
date subset’s fitness relative to the population mean. Sub-
sets performing above the mean receive a positive reward,
reinforcing that search direction, while below-average sub-
sets receive a negative reward, suppressing it. The strategy
adds weighted noise-based exploration to improve the so-
lution iteratively. It is given by Eq. (4):

1 n
9t+1:9t+’7'zzri'€i 4)
i=1

Where, 0_t denotes Current parameter vector at iteration
t, 0_{t+ 1} - Updated parameter vector, 1 - Learning rate

controlling update step size, n-Population size (n = 50 in
this study), r_i -Reward signal for the i-th candidate solu-
tion, e_i-Gaussian noise vector for exploration. The reward
signal r; is computed as r; = F (x;) — F, where F is the pop-
ulation mean fitness. Subsets with above-average fitness
receive positive rewards, reinforcing beneficial mutations,
while below-average subsets receive negative feedback,
suppressing poor feature choices.

3.5. Fuzzy Clustering

Fuzzy C-Means (FCM) is adopted in this framework to
assign soft membership values to tourism records, enabling
partial cluster membership that reflects overlapping tourist
preferences.

3.5.1. Fuzzy C-Means Algorithm

The fuzzifier parameter m was set to 2, the most widely
adopted value in FCM literature, as it provides a balanced
trade-off between crisp and overly diffuse membership as-
signments. When m — 1, memberships approach hard
clustering ( 0 or 1), losing the ability to capture overlap-
ping preferences; when m is large, all memberships con-
verge toward equal values ( 1/C ), producing meaningless
soft boundaries. Fuzzifier values of {1.5,2.0,2.5,3.0} were
tested. At m = 1.5, hard boundaries the membership func-
tion remains sensitive to inter-centroid distances, enabling
the model to reflect genuine uncertainty in tourist prefer-
ences where a visitor may simultaneously belong to Beach
and Cultural clusters without collapsing into ambiguity.
Centroid initialization sensitivity in high-dimensional la-
tent spaces, FCM was executed with multiple random.
FCM centroid initialization was performed by randomly
generating a normalized fuzzy membership matrix, from
which initial centroids were derived.

ujj = ! ()]

2
N
Vit ( Il

This membership function (Eq. (5)) calculates the de-

gree of membership uij of data point xi in cluster j. The
term ||xi — cj|| represents the Euclidean distance between
the data point and the cluster centroid cj. The FCM algo-
rithm, each tourism record is assigned a membership value
between 0 and 1 for all clusters based on the Euclidean
distance from the cluster centroids. Higher membership
values are assigned to nearer clusters. The centroids are
iteratively updated using weighted membership values,
and the objective function is minimized through repeated
updates until convergence is achieved.
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4. Result and discussion

All experiments were conducted using identical prepro-
cessing and clustering settings to ensure consistency and
reproducibility. Numerical features were normalized using
Min-Max normalization, while categorical attributes were
transformed using one-hot encoding. The VAE architecture
employed latent dimension size 16, batch size 32, learning
rate 0.001, and 100 training epochs.

4.1. Performance metrics

Performance Metrics-are the primary indicators that go
to evaluate the fuzzy clustering outcome. The Partition
Coefficient (PC) quantifies the degree of crispness in a fuzzy
clustering solution sum of squared membership degrees of
data points in the clusters using Eq. (6).

PC= Y Y il ®)

Partition Entropy tests the amount of fuzziness in a
clustering solution. This can be analysed by Eq. (7),

PE:—lﬁiu”lo <u) (7)
Ni:lj:l ij 10g | Ujj

XB maintains the balance between cluster compactness
and separation. This can be analysed by Eq. (8),

XB = 5 ®)

4.2. Model Validation

The bar chart in Fig. 2 shows the proportions of tourism
data points found in the three fuzzy clusters: Historical,
Cultural, and Beach. The bar chart also provides a visual
representation of the popularity or density of each tourism
type based on fuzzy membership assignments.

The results of applying the FCM clustering approach
based on the three most common evaluation metrics are
shown in Fig. 3. An XB score of 0.4339 indicated that the
FCM clustering model produced clusters that were suf-
ficiently separated and compact, since smaller XB scores
indicate better clustering.

4.2.1. External Cluster Validation

The fuzzy clustering validation metrics PC, PE, and XB,
external cluster quality assessment was performed to fur-
ther examine the discriminative capability of the generated
tourism segments.
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Fig. 3. Fuzzy C-Means Performance Evaluation Metrics.

Table 1. External Cluster Validation Results.

Metric Value
Silhouette Score 0.71
Davies-Bouldin Index 0.42
Calinski-Harabasz Score  814.3

These Table 1 provide additional evidence that the gen-
erated tourism segments possess strong discriminative ca-
pability and meaningful structural separation.

4.3. Performance Comparison

All baseline methods and the proposed framework were im-
plemented and evaluated using the same Kaggle Tourism
Dataset, identical preprocessing procedures, and identical
experimental settings.

Table 2 compares the clustering performance of the pro-
posed VAE-RES-FCM framework with K-Means, DBSCAN,
Hierarchical Clustering, and standard FCM.
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Table 2. Comparison of Clustering Performance.

Method PCT PEl XBJ
K-Means 053 091 072
DBSCAN 056 084 061
Hierarchical 059 0.78 0.55
FCM 061 074 049
Proposed
VAERESFCM 065 068 04339

4.4. Computational Scalability Analysis

Table 3. Computational Scalability Analysis of the
Proposed VAE-RES-FCM Framework.

Dataset Size  Execution Time (s) Memory (MB)
1,000 48 82
2,500 10.7 141
5,000 214 247
7,500 33.8 356
10,000 46.1 472

Table 3 presents the execution time and memory con-
sumption observed for different dataset volumes.

4.5. Performance Evaluation

The practical effectiveness of the proposed framework,
tourism destinations were ranked according to fuzzy mem-
bership values and user preference similarity.

Table 4 presents the retrieval and ranking performance
of the proposed VAE-RES-FCM framework compared with
K-Means, DBSCAN, and Hierarchical clustering methods.

4.6. Sensitivity Analysis of RES Reward Parameters
A sensitivity analysis was conducted to evaluate the influ-
ence of the RES reward weighting coefficients « and B on
clustering performance. Five different parameter configu-
rations were evaluated, and the resulting PC, PE, and XB
values are reported in Table 5.

The Partition Coefficient improved from 0.59 to 0.65,
while the Partition Entropy decreased from 0.76 to 0.68 as
« increased from 0.3 to 0.6.

4.7. Ablation Analysis of VAE-Based Feature Extraction

The standalone contribution of VAE-driven representation
learning, an ablation study was conducted using four dif-
ferent configurations. Table 6 presents the comparative
results.

4.8. Discussion

The destination retrieval and ranking analysis yielded Pre-
cision@10 of 0.89, Recall@10 of 0.86, F1-Score of 0.88 , MAP
of 0.91 , and NDCG of 0.93 , confirming the effectiveness

of the proposed framework in identifying and prioritizing
relevant tourism destinations. Tourist preferences are dy-
namic and may evolve according to travel experiences, sea-
sonal trends, and personal interests. The fuzzy membership
mechanism of the proposed VAE-RES-FCM framework cap-
tures overlapping tourism preferences by allowing records
to belong to multiple clusters simultaneously.

The clustering results in Figs. 2 and 3 provide important
insights into tourist behaviour and destination preferences.
The obtained PC, PE, and XB values demonstrate the relia-
bility of the proposed tourism recommendation framework.
The higher Partition Coefficient (0.65) indicates stronger
cluster membership confidence and better recommendation
consistency. The proposed framework effectively segments
tourism behavior using static attributes.

5. Conclusion and future works

Per Formulation 2, the framework produced a PC of 0.6500,
PE of 0.6800, and XB = 0.4339, signalling more compact,
separate clusters. Future developments may look at hy-
brid deep clustering models such as VAE-GNNs to detect
spatial-tourism patterns. Incorporate dynamic contextual
features such as weather data, seasonal events, and geopo-
litical conditions into the fuzzy clustering pipeline to im-
prove real-world applicability.
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Table 4. Tourism Destination Ranking Performance Evaluation.
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