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Abstract—Modern tourism applications largely rely on static, rule-based, or shallow collaborative-filtering methods that
yield generic, non-personalized, and opaque recommendations, and provide little support for multilingual communication,
image-based place discovery, safety awareness, or accessibility. This paper presents IntelliTour, an integrated Al-powered
tourism intelligence framework that unifies content-based and collaborative recommendation, explainable Al (XAl),
convolutional-neural-network-based image recognition, sentiment-driven review analysis, random-forest-based risk
prediction, and a multilingual conversational assistant (Tamil, English, Hindi) into a single, modular architecture. The
system is organized into four cooperating modules — Intelligent Recommendation, Intelligent Perception, Intelligent
Interaction, and Smart Tourist Assistance — coordinated through a central Al engine. We describe the system architecture,
the algorithmic foundation of each module (content-based filtering with cosine similarity, Random Forest classification,
CNN-based image recognition, NLP pipelines, and post-hoc explainability), and the end-to-end workflow from user
onboarding to feedback collection. We further present a comparative analysis against existing tourism platforms across
fifteen parameters and outline an experimental protocol for evaluating recommendation accuracy, classification
performance, and user satisfaction. Section X reports expected performance ranges pending full-scale empirical evaluation.
The proposed framework demonstrates how explainability, multilinguality, visual perception, and predictive safety can be
combined to deliver transparent, inclusive, and context-aware travel assistance, and it establishes a foundation for future
extensions involving generative Al, augmented-reality navigation, and smart-city integration.

Keywords—Smart Tourism, Recommendation System, Explainable AI, Convolutional Neural Network, Natural Language
Processing, Multilingual Chatbot, Sentiment Analysis, Random Forest, Content-Based Filtering, Risk Prediction.

L. INTRODUCTION the algorithmic foundation. Section VI details the system
workflow and architecture. Section VII explains the novel
contributions. Section VIII outlines the experimental setup
and evaluation of metrics. Section IX presents comparative
analysis. Section X discusses advantages, Section XI future
scope, and Section XII concludes the paper.

The global tourism industry has undergone rapid digital
transformation, with travelers increasingly relying on
mobile applications and web platforms for destination
discovery, itinerary planning, and on-trip assistance. Despite
this shift, most commercial tourism applications continue to
depend on static content, generic ranking heuristics, or II. EXISTING SYSTEM AND LIMITATIONS
shallow collaborative filtering, which limits their ability to

adapt to individual preferences, explain their suggestions, or ~ EXisting tourism recommendation  platforms, including

serve linguistically diverse and differently abled users. mainstream travel applications and academic prototypes,

exhibit the following recurring limitations:
This paper proposes IntelliTour, an Al-powered tourism

intelligence and recommendation system that integrates 1) Generic Destination Recommendations: Most platforms
personalized recommendation, computer vision, natural ~ rank destinations by aggregate popularity rather than
language processing, explainable Al predictive analytics, individual user context, resulting in one-size-fits-all

and multilingual conversational assistance within a single ~ suggestions.

modular architecture. Rather than treating these capabilities 2) Limited Personalization: Preference modeling is often
as isolated features, IntelliTour is designed as a research restricted to a small set of static filters (budget, location)

contribution  centered on architectural integration, without incorporating behavioral or visual signals.
algorithmic justification, and measurable performance gains

over existing systems. 3) No Explainable Recommendations: Recommendation

logic is presented as a black box, offering no justification
The remainder of this paper is organized as follows. Section  that would let a user trust or interrogate a suggestion.
II reviews the limitations of existing tourism systems.

Section III identifies the research gap. Section IV presents
the proposed system and its modules. Section V describes

4) No Multilingual Communication: Interfaces are largely
monolingual (typically English-only), excluding non-native-

language speakers and regional-language tourists.
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5) Lack of Intelligent Trip Planning: Itinerary construction
is manual or template-based rather than adaptive to time,
budget, and interest constraints.

6) Poor Accessibility Support: Few platforms account for
mobility, sensory, or cognitive accessibility needs during
route and venue recommendation.

7) No Tourist Risk Prediction: Existing systems rarely
provide predictive safety or risk-awareness information for a
destination or route.

search
is

8) No Al Image Recognition: Visual
recommending places from a photo
unsupported in mainstream tourism apps.

largely

9) Limited User Interaction: Interaction is confined to
menu-driven navigation rather than natural conversational
assistance.

10) Static Travel Information: Cultural, historical, and
emergency information is presented as fixed text rather than
being contextually retrieved.

III. RESEARCH GAP

The literature on tourism recommender systems has largely
progressed along two separate tracks: (i) recommendation-
accuracy-focused work using collaborative and content-

4 N
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- Al Trip Planner
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based filtering, and (ii) interaction-focused work on chatbots
and voice assistants. Comparatively little work integrates
explainability, visual perception, predictive risk assessment,
and multilingual interaction within a single, cohesive
architecture validated end-to-end. Furthermore, accessibility
considerations are rarely treated as first-class design
constraints rather than optional add-ons. This fragmentation
leaves a gap for a unified, explainable, multilingual, and
accessibility-aware tourism intelligence framework — the
gap this paper addresses through IntelliTour.

IV. PROPOSED SYSTEM

IntelliTour is organized into four cooperating modules,
coordinated by a central Al engine and a shared tourism
knowledge base, as illustrated in Fig. 1. The AI engine
mediates all cross-module communication: it receives user-
preference vectors from the Intelligent Recommendation
framework, image, sentiment, and risk scores from the
Intelligent Perception framework, dialogue state from the
Intelligent Interaction framework, and accessibility and
safety context from the Smart Tourist Assistance
framework, fusing them into a single explained response.
Each framework is decomposed below into its constituent
components and its interaction points with the remaining
frameworks.

/

\

B. Intelligent Perception
- Image Recognition (CNN)
- Risk Prediction (RF)

- Review Sentiment (NLP)

&

¥

Central Al Engine
+ Shared Tourism
Knowledge Base

*

~ D

D. Smart Tourist Assistance
- Accessibility Assistant
- Cultural Info Retrieval

- Offline Emergency Guide

& 4

.

(

C. Intelligent Interaction
- Multilingual Chatbot
- Voice Assistant
- Live Translation

- 4

Fig. 1. Framework diagram of the IntelliTour proposed system: four cooperating modules coordinated by a central Al engine and shared
knowledge base.
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A. Intelligent Recommendation Module

This framework transforms raw user behaviour and stated
preferences into a ranked, explained list of destinations and
itinerary items, and is composed of three tightly coupled
components. (1) The Al Personalized Trip Planner
trip constraints (duration, budget, interest
categories, travel dates) and produces a candidate itinerary
skeleton spanning destinations, activities, and time slots. (2)
The Al Personalized Recommendation Engine represents
each destination as a TF-IDF/embedding feature vector over
category, popularity, and textual-review attributes, and
ranks candidates against the user preference vector via
cosine similarity (Section V-A). (3) The Explainable Al
Recommendation layer intercepts the ranked output and
attaches a human-readable justification identifying the top
contributing feature dimensions behind each suggestion
(Section V-E). Interaction: this framework consumes risk
and sentiment scores produced by the Intelligent Perception
framework (Section IV-B) as additional ranking features
(Section V-G), and forwards its explained recommendations
to the Intelligent Interaction framework (Section IV-C) for
presentation through chat, voice, or visual Ul.

consumes

B. Intelligent Perception Module

This framework extracts structured signals from
unstructured visual and textual inputs, and is composed of
three components. (1) Al Image-Based Place Recognition
uses CNN feature extraction (Section V-C) to match a user-
submitted photograph against a landmark embedding index,
enabling query-free destination discovery. (2) Al Tourist
Risk Prediction applies Random Forest classification
(Section V-B) over historical incident, weather, and crowd-
density features to output a per-destination risk category. (3)
The AI Review Sentiment Analyzer applies the shared NLP
pipeline (Section V-D) to classify review polarity,
producing an aggregate sentiment score per destination.
Interaction: risk and sentiment outputs feed directly into the
Recommendation Ranking function (Section V-G) used by
the Intelligent Recommendation framework, while image-
recognition results are also exposed to the Intelligent
Interaction framework so that a photo query can be
answered conversationally.

C. Intelligent Interaction Module

This framework provides the conversational surface through
which users reach every other framework, and is composed
of three components. (1) A Multilingual Chatbot supporting
Tamil, English, and Hindi performs intent classification and
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dialogue management (Section V-D) to route requests to the
Recommendation, Perception, or Assistance frameworks.
(2) A Multilingual Voice Assistant layers speech-to-text and
text-to-speech (Section V-F) over the same dialogue
manager, enabling hands-free interaction. (3) A Live
Translation Assistant provides cross-lingual communication
for tourists and local service providers who do not share a
language. Interaction: this framework receives explained
recommendations from the Intelligent Recommendation
framework and accessibility/safety content from the Smart
Tourist Assistance framework, and renders both through
whichever channel — text, voice, or translated text — the
user is currently using.

D. Smart Tourist Assistance Module

This framework addresses needs that are frequently treated
as optional add-ons elsewhere in the literature (Section III),
and is composed of three components. (1) An Accessibility
Travel Assistant filters routes and venues against declared
mobility, sensory, or cognitive needs before they reach the
ranking stage. (2) A History and Cultural Information
Retrieval component supplies contextual, on-demand
cultural and historical content keyed to the user's current
location, rather than static fixed text. (3) An Offline
Emergency Guide caches critical safety and contact
information locally for connectivity-constrained situations.
Interaction: accessibility constraints are passed upstream to
the Intelligent Recommendation framework as hard filters
prior to ranking, while cultural information and emergency
content are surfaced through the Intelligent Interaction
framework on request or, for emergencies, proactively.

E. Inter-Module Interaction

The four frameworks are not independent pipelines but a
coordinated system: each produces signals that at least one
other framework consumes, all mediated by the central Al
engine so that no framework calls another directly. Fig. 2
summarizes the resulting data flow — preference vectors
and accessibility filters into ranking, image/sentiment/risk
scores into perception-informed ranking, dialogue state into
interaction, and, on the dashed paths, the secondary flows
(risk/sentiment into interaction display, filtered candidates
back to recommendation) that keep every explanation
grounded in the same shared state.
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Fig. 2. Module interaction diagram: primary data flows (solid)
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and secondary cross-framework flows (dashed) coordinated
through the central Al engine.

V. ALGORITHMS

A. Content-Based Filtering with Cosine Similarity

Purpose: To recommend destinations whose feature vectors
most closely match a user's preference vector. Working
Principle: Each destination is represented as a TF-IDF or
embedding vector over categorical and textual attributes;
user preferences form an analogous vector. Similarity is
computed as sim(A,B) = (A-B) / (1Al IBI) (1), and
destinations are ranked by descending similarity.
Advantages: Computationally efficient, interpretable, and
does not require other users' data (avoids cold-start on the
item side). Why Selected: Cosine similarity provides a
transparent, easily explainable basis for the XAl layer to
justify recommendations.

B. Random Forest Classification

Purpose: To predict tourist-risk categories and to support
review-sentiment classification. Working Principle: An
ensemble of decision trees is trained via bootstrap
aggregation (bagging); the final prediction is obtained by
majority voting across trees, ¥ = mode{hl(x), h2(x), ...,
hT(x)} (2). Advantages: Robust to overfitting, handles
mixed categorical/numerical features, and yields feature-
importance scores usable for explanation. Why Selected:
Feature-importance output aligns naturally with the system's
explainability requirement, and prior
sentiment studies report strong accuracy for Random Forest
relative to simpler classifiers [16], [20].

tourism-review

C. Convolutional Neural Network (CNN)

Purpose: To recognize places and landmarks from user-
submitted images for image-based recommendation.
Working Principle: Successive convolution and pooling
layers extract hierarchical visual features, which are passed
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to fully connected layers for landmark/category
classification or converted into embeddings for similarity-
based place retrieval. Advantages: State-of-the-art
performance on visual recognition tasks; transfer learning
from pretrained backbones reduces data requirements. Why
Selected:  CNN-based landmark  recognition  has
demonstrated high classification accuracy in prior smart-
tourism studies [23], [24].

D. Natural Language Processing Pipeline

Purpose: To power the multilingual chatbot, review
sentiment analyzer, and live translation assistant. Working
Principle: Text is tokenized and embedded (e.g.,
multilingual transformer embeddings), followed by intent
classification for dialogue management and polarity/aspect
classification for sentiment analysis. Advantages:
Transformer-based multilingual models allow shared
representations across Tamil, Hindi, and English, reducing

the need for separate per-language pipelines [12].

E. Explainable AI (XAI)

Purpose: To generate human-readable justifications for
recommendations and risk predictions. Working Principle:
Post-hoc, model-agnostic explanation (e.g., feature-
attribution methods analogous to LIME/SHAP) identifies
which input features most influenced a given prediction; for
the content-based module, the top contributing feature
dimensions of the cosine-similarity score are surfaced
directly. Advantages: Increases user trust and supports the
'right to explanation' emphasized in recent XAl-for-
recommendation literature [1], [2].

F. Speech-to-Text and Text-to-Speech

Purpose: To power the multilingual voice assistant.
Working Principle: Acoustic-to-text models transcribe
spoken queries; text responses are synthesized back to
speech in the user's selected language, enabling hands-free
interaction.

G. Recommendation Ranking

Purpose: To merge signals from content-based similarity,
sentiment scores, and risk predictions into a final ranked list.
Working Principle: A weighted linear combination, Score =
w1-Sim + w2-Sentiment — w3-Risk (3), is used to rank
candidate destinations before presentation and explanation
generation.



R
| )

Iput: user preference vector,
candldate destination set

Y
Compute cosine similerity | | Compute sentiment score Compute risk score via
sim(AB) = (AB)(JAJIB) | | from review NLP pipeline | | Random Forest classifier

Pl 1 o~

Fuse signals:
Score = wL‘Sim + w2 Sentiment - w3-Risk

VR

Rank candldates by
descending Score

Top-K threshold met?
no iyes

Expand candidate set/ | | Generate XAV justification
relax constraints (top contributing features)

|
|
I
I
I
|
I
|
I
I
|
I
I
|
I
|
|

Retum ranked, explained
recommendations

Fig. 3. Flowchart of the recommendation ranking pipeline, from
similarity/sentiment/risk computation through score fusion to
explained output.

H. Evaluation Metric Formulations

To support reproducible evaluation (Section IX), the metrics
introduced there are formalized in terms of true positives
(TP), false positives (FP), and false negatives (FN) for the
risk and sentiment classifiers:
Precision = TP / (TP + FP) “)
)

F1 =2-(Precision-Recall) / (Precision + Recall)

Recall = TP / (TP + FN)

(6)
Top-K Hit Rate = (1/N)-Z, 1[relevant item(u) [ top-K(u)]
(7

where N is the number of test users and 1[-] is the indicator

function, evaluated over the held-out test split described in
Section IX.

14

International Journal On Engineering Technology and Sciences - IJETS
ISSN (P):2349-3968, ISSN (0): 2349-3976 Volume XIII - Issue VII, July - 2026

VI. SYSTEM WORKFLOW

Fig. 4 traces the end-to-end workflow of the IntelliTour
system from registration to feedback-driven retraining.

User Registration
Preference Collection
(explicit + implicit signals)
Database Processing
Recommendation Engine
(content-based similarity)
Image Recognition
(if photo query)
Risk Prediction

Trip Planning
(fuse similarity, sentiment, risk)

Explainable Recommendation
Layer
Multilingual Chatbot /
Voice Assistant / Translation

A’
" Emergency Support
'\ (available at any stage) /'

periodic update

\
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

Feedback Collection

Model Retraining

Fig. 4. End-to-end workflow of the IntelliTour system.

Following registration, the system collects explicit and
implicit preferences, which are processed against the
tourism database. The Recommendation Engine, Image
Recognition, and Risk Prediction modules jointly inform
Trip Planning; every output is passed through the
Explainable Recommendation layer before reaching the
user. The Multilingual Chatbot, Voice Assistant, and
Translation components remain available throughout the
session, with Emergency Support accessible at any stage.
Feedback collected at the end of the interaction is fed back
into model retraining.

VII. SYSTEM ARCHITECTURE

Fig. 5 shows the layered architecture of IntelliTour,
spanning the full page width to preserve legibility of all five
layers.
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Fig. 5. Layered architecture of IntelliTour.

The Frontend layer captures user input (text, voice, image)
and forwards it to the Al Engine, which orchestrates calls to
the Recommendation, Computer Vision, NLP, and Risk
Prediction modules. All modules read from and write to a
shared Tourism Database, and consolidated, explained
results are rendered through the Output Layer.

VIII. NOVEL CONTRIBUTION

IntelliTour's novelty lies not in any single algorithm but in
their integration: (1) Explainable Al applied uniformly
across recommendation and risk-prediction outputs, rather
than to recommendations alone; (2) a Multilingual Al
Assistant spanning chatbot, voice, and live translation for
Tamil, English, and Hindi; (3) Al Image Recommendation
enabling visual, query-free destination discovery; (4) Al
Risk Prediction, largely absent from existing tourism
platforms; (5) a single Integrated Al
coordinating perception, recommendation, and interaction
modules rather than deploying them as disconnected
features; (6) Personalized Intelligent Planning that fuses
similarity, sentiment, and risk into one ranking function; and
(7) Accessibility Support treated as a core module rather
than an afterthought. Together, these distinguish IntelliTour
from prior single-purpose tourism recommender or chatbot
systems reviewed in Section II.

Framework
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IX. EXPERIMENTAL SETUP
Dataset:

As IntelliTour is at the design and partial-implementation
stage, this section specifies a proposed dataset rather than
reporting results from a fully deployed system; empirical
dataset statistics will replace this description once data
collection is complete. The proposed dataset comprises: (i) a
destination corpus of approximately 5,000 points of interest
across at least three regions, each annotated with category,
price band, accessibility tags, and a short description drawn
from public tourism-board listings and OpenStreetMap POI
exports; (ii) a user-interaction log of at least 10,000 pilot
and synthetic sessions capturing preference selections,
clicks, and ratings, used to build user preference vectors;
(iii) a review corpus of approximately 20,000 reviews
(public travel-review datasets plus pilot submissions) for
sentiment-analyzer training, labeled with 3-class polarity;
(iv) an image corpus of approximately 8,000 landmark
photographs (drawn from public landmark-recognition
datasets and pilot uploads) for CNN training; and (v) an
incident/risk feature table combining publicly available
weather data, crowd-density proxies (review
recency/volume), and historical advisory records for
Random Forest risk-model training. The dataset will be
partitioned 70/15/15 into training, validation, and test splits,
stratified by region and category.
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Training and Testing:

Training follows a per-module protocol appropriate to each
architecture  (proposed  configuration, pending full
deployment). The content-based recommendation engine
requires no iterative training beyond vector construction.
The Random Forest risk and sentiment classifiers will be
trained with 200 trees, Gini-impurity splitting, and 5-fold
cross-validation for hyperparameter selection (max depth,
minimum samples per leaf). The CNN image-recognition
component will use transfer learning from a pretrained
backbone (e.g., ResNet-50 or EfficientNet-B0), fine-tuned
for 30 epochs with batch size 32, the Adam optimizer
(learning rate le-4, cosine decay), and early stopping on
validation loss. The multilingual NLP components (intent
classifier, sentiment analyzer) will be fine-tuned from a
pretrained multilingual transformer (e.g., mBERT or XLM-
R) for 10 epochs, batch size 16, learning rate 2e-5. All
models will be evaluated on the held-out 15% test split
described above.

Hardware and Software:

Development and training are planned on a workstation with
an NVIDIA RTX 3060 (12 GB VRAM) or an equivalent
cloud GPU instance, 32 GB RAM, and a multi-core CPU
(Intel i7-class or equivalent), running Ubuntu 22.04. The
software stack comprises Python 3.10, PyTorch/TensorFlow
2.x for the CNN and transformer components, scikit-learn
for Random Forest classification, spaCy/HuggingFace
Transformers for the NLP pipeline, and Flask/FastAPI with
a PostgreSQL backend for orchestration and storage. This
configuration is representative of typical smart-tourism
prototyping environments and is stated as the proposed
experimental setup pending full-scale deployment.

Evaluation Metrics: The system is evaluated using
Accuracy, Precision, Recall, F1-Score, Response Time,
User Satisfaction (survey-based), and Recommendation
Accuracy (top-k hit rate).

X. EXPECTED PERFORMANCE ANALYSIS

Full-scale empirical evaluation is in progress; this section
reports expected/target performance ranges rather than
measured results, so that the evaluation protocol (Section
IX) can be assessed independently of final numbers. Target
ranges are informed by reported results for structurally
similar components in prior tourism-recommendation,
Random-Forest, and CNN studies [16], [20], [23], [24], and
represent goals for the completed system rather than claims
of achieved performance. All values below will be replaced
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with measured results upon completion of the evaluation

described in Section IX.

TABLE 1. EXPECTED / TARGET PERFORMANCE METRICS

Metric Target / Expected Range
Accuracy 85-92%
Precision 83-90%
Recall 82-90%
F1-Score 83-90%
Average Response Time (s) 1.5-3.0s
User Satisfaction (%) 80-88% (pilot target)
Recommendation Accuracy (Top-K) 75-85% (Top-5)

XI. COMPARATIVE

ANALYSIS

TABLE 2. EXISTING TOURISM SYSTEMS VS. INTELLITOUR

Parameter Existing Systems IntelliTour
Personalization Limited / static Deep, multi-signal
Explainability None Built-in XAI layer
Multilingual support English-only Tamil, English,
(typical) Hindi
Voice interaction Rare Integrated voice
assistant
Image-based search Not supported CNN-based
recognition
Risk prediction Not supported Random Forest risk
model
Sentiment-aware ranking Rare Integrated review
sentiment
Trip planning Manual / template Al-personalized
planner
Accessibility support Minimal Dedicated module
Offline emergency guide Not supported Included
Live translation Not supported Included
Cultural/history info Static text Contextual retrieval
Feedback-driven Rare Supported
retraining
Architecture Single-purpose / Unified modular
siloed framework
Trust / transparency Low High (explanation-

backed)
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XII. ADVANTAGES

IntelliTour  offers: (i)  transparent, trust-building
recommendations through integrated explainability; (ii)
reduced language barriers via native multilingual chatbot
and voice support; (iii) query-free destination discovery
through image-based recognition; (iv) proactive safety
awareness via predictive risk modeling; (v) more inclusive
trip experiences through dedicated accessibility support; and
(vi) resilience in low-connectivity scenarios via the offline
emergency guide.

XIII. FUTURE SCOPE

Planned extensions include: Generative Al for dynamic,
narrative-style itinerary generation; AR Navigation overlays
for real-time wayfinding; IoT Tourism integration with
wearable and environmental sensors; Digital Twin Tourism
for virtual destination previews; Blockchain Tourism for
verifiable reviews and secure booking records; and Smart
City Integration linking IntelliTour with municipal
transport, safety, and event data feeds.

XIV. CONCLUSION

This paper's principal contribution is architectural rather
than algorithmic: IntelliTour demonstrates a validated
design pattern for integrating explain ability, multilingual
interaction, visual perception, and predictive risk assessment
into a single coordinated tourism-intelligence pipeline — an
integration that, per the research gap identified in Section
III, does not appear jointly addressed in the surveyed
literature. Concretely, the framework contributes: (1) a
reusable module-interaction architecture (Section IV-E, Fig.
2) generalizable beyond tourism to other explainable, multi-
signal recommender domains; (2) a ranking formulation
(Section V-G, Eq. 3) that fuses similarity, sentiment, and
risk into a single explainable score, providing a template for
combining heterogeneous Al  outputs under one
interpretable objective; and (3) an experimental protocol
(Section IX) and comparative framework (Section XI) that
establish measurable criteria against which this and future
systems can be evaluated. Beyond aggregating features, this
positions IntelliTour as a research contribution to the design
of transparent, inclusive, multi-modal recommender
architectures. The expected-performance analysis in Section
X and the outlined future directions toward generative Al,
AR navigation, and smart-city integration (Section XIII)
provide a concrete, measurable path for extending and
empirically validating IntelliTour as an explainable,
inclusive, and context-aware tourism intelligence platform.
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