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Abstract— The rapid growth of artificial intelligence (AI) in the 

travel and tourism sector has revolutionized the way how tourists 

plans their trips. Personalised travel suggestions are provided by 

AI-powered systems, which streamlines the usually laborious 

process of organizing trips. This paper examines the integration of 

machine learning, natural language processing, and 

recommendation systems with a focus on AI-based travel itinerary 

generators. These programs can provide personalized itineraries 

by analyzing user preferences, including time, money, and 

hobbies. To improve personalization, methods including sentiment 

analysis (Logistic Regression), transfer learning (VGG-16), and K- 

Means clustering are used. Furthermore, real-time data 

integration optimizes the itinerary choices, and AI-based 

conversational agents like ChatGPT are crucial in understanding 

travelers’ needs. This paper illustrates how current developments 

in AI-driven travel solutions might improve user contentment and 

simplifying travel arrangements. Notwithstanding these 

developments, issues like data privacy and personalization biases 

still need to be addressed in order to guide future studies. 
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I. INTRODUCTION 

The travel and tourism industry is undergoing rapid 
transformation, driven by advancements in artificial intelligence 
(AI) technologies. AI-powered systems have become essential 
tools in itinerary generation as travelers seek more efficient and 
personalized travel experiences, providing customized travel 
suggestions that take user preferences, real-time data, and other 
dynamic factors into account. When organizing a trip the old- 
fashioned way, everything from choosing locations to making 
hotel, airline, and activity reservations requires a lot of manual 
labor. Users may become overwhelmed by this intricacy, which 
is why there is an increasing need for automated solutions that 
streamline and customize the procedure. AI's primary 
contribution to trip planning is its capacity to analyze large 
volumes of data and derive useful insights for users. Highly 
customized itineraries can be created using machine learning 
methods like ChatGPT, K-Means clustering, collaborative 
filtering, and natural language processing (NLP) models. These 
systems incorporate a number of variables, such as the user's 

time, money, and travel preferences, as well as real-time data on 
local events, traffic, and weather. 

Furthermore, the application of hybrid machine learning 
techniques has improved the capacity to suggest locations, 
lodging options, and points of interest (POIs) in light of traveler 
behaviour and user review sentiment analysis. It is now possible 
to identify landmarks and attractions from user-uploaded 
photographs using image recognition models like VGG-16, 
which gives itinerary planning a visual element. This has created 
new opportunities for highly customized and engaging travel 
encounters. 

Travel systems driven by AI have many benefits, but they 
also present serious difficulties, such as the need for more 
transparent and comprehensible decision-making processes, 
algorithmic biases, and data privacy. In addition, to maintain 
user confidence in these systems as AI develops, ethical issues— 
particularly those pertaining to justice and data security—must 
be addressed. 

The goal of this paper is to present a thorough analysis of AI- 
powered travel itinerary generators, emphasizing their 
applications, methods, and difficulties experienced by 
developers and researchers. Through an examination of both 
established and cutting-edge technology, this paper 
demonstrates how artificial intelligence is changing the travel 
business. 

Trip planning, while exciting, can be a daunting task due to 
the overwhelming amount of information available online. 
Travelers often spend hours, if not days, researching 
destinations, accommodations, and activities, leading to 
information overload. Furthermore, most current tools provide 
generic itineraries without factoring in a user's personal 
preferences, resulting in suboptimal travel plans. 

The problem can be summarized as: 

• Time-consuming: Planning a trip manually requires 
sifting through large amounts of data. 

• Lack of personalization: Most available tools do not 
provide tailored itineraries based on user preferences. 
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• Limited real-time adjustments: Current itinerary 
generators do not account for real-time factors like 
weather, traffic, or events that may affect the travel 
experience. 

• Risk of Missing Out: Without personalized 
recommendations tailored to their preferences, 
travellers risk missing out on hidden gems, unique 
experiences, and off-the-beaten-path attractions that 
align with their interests. 

• Inefficient Use of Resources: The lack of personalized 
recommendations in travel planning can result in 
inefficient use of resources, such as time, money, and 
energy, as travelers may end up visiting attractions or 
booking accommodations that do not meet their 
expectations. 

This work aims to solve these challenges by providing an 
automated, intelligent solution that customizes itineraries based 
on user preferences and real-time data, thus improving the 
overall travel experience. 

II. LITERATURE REVIEW 

Recent developments in artificial intelligence, machine 

learning, and optimization approaches have greatly improved 

personalized travel itinerary creation systems. Numerous 

studies that address various approaches, difficulties, and 

applications have contributed to this field. 

A branch-and-bound algorithm in an Internet of Things 

setting has been proposed, showcasing individualized 

recommendations and a reduction in planning time. One 

significant drawback, though, was the absence of real-time 

updates for sites of interest (POIs)[1].A recency-based 

collaborative filtering approach [2]that prioritizes people's 

recent choices through the use of social media data has been 

successful, although their reliance on data from social media 

results in reduced data diversity and poses privacy concerns. 

There has also been investigation on the ethical aspects of 

tourism recommendation systems. Sarkar et al. [3] carried out a 

thorough analysis of AI-powered travel systems and 

emphasized the necessity of including ethical frameworks, 

especially with regard to data protection and automated 

suggestions. 

The Research has also focused on optimizing travel routes. 

Yasin et al. [4] used k-Means clustering and the Travelling 

Salesman Problem (TSP) to create optimized itineraries, 

resulting in effective route planning at the expense of 

significant processing demands. Yang et al. [5]employed the 

Ant Colony Optimization (ACO) algorithm, which was 

sensitive to parameter setting yet dynamically adjusted to user 

modifications. Similarly, Yochum et al. [6] suggested a genetic 

algorithm for itinerary planning that struggled with 

computational complexity but made sure required points of 

interest were included. 

Collaborative filtering techniques have also evolved to 

enhance user engagement. Liu et al. [7] expanded user interests 

in collaborative filtering models, improving engagement but 

introducing interpretability challenges. Additionally, Ruotsalo 

et al. [8] introduced the SMARTMUSEUM system, a mobile 

recommendation tool for museum tours that was restricted to 

static attractions but provided context-aware recommendations. 

Real-time adaptability is a crucial feature for modern travel 

planners. Chang et al. [9]developed an Automatic Travel 

Itinerary Planning System (ATIPS) for domestic travel. A 

personal smart travel planner service with real-time updates and 

tailored suggestions was presented by Kang et al. [10]. Both 

systems were limited by their reliance on technology and their 

failure to adequately take cultural settings into account, despite 

their breakthroughs. Although Hsieh et al. [11] used a 

scheduling-based method to handle time-sensitive routing, they 

encountered computational difficulties in densely populated 

locations. 

Trajectory-based POI recommendation systems have shown 

promise in capturing user travel patterns. Trajectory analysis 

was used by Huang and Gartner [12] to represent user path 

histories; however, the scalability of their model was limited by 

the large computational resources it required. Using ant colony 

optimization, Banerjee et al.[13]presented an adaptive learning 

approach that allowed for dynamic itinerary modifications but 

was resource-intensive. 

Several other significant contributions have addressed 

specific challenges in personalized itinerary planning. A multi- 

agent system for recommending tourism was presented by 

Sebastia et al. [14] and successfully managed challenging 

situations. Nevertheless, the system's high data resource 

requirements limited its use in high-traffic, real-time settings. 

Similar to this, Chen et al. [15] used a function 

approximation based on Chebyshev polynomials to capture user 

preferences in POI suggestions. This method achieved great 

accuracy at the cost of computing efficiency. 

TripBuilder is a collaborative planning tool for sightseeing 

tours that was created by Brilhante et al. [16]. Although the 

system showed versatility in creating itineraries, it lacked the 

ability to further customize it to accommodate individual user 

preferences. An AI-based travel itinerary planner with 

sophisticated computational methods for route optimization 

based on variables like destination, weather, and travel time was 

presented by Mudhale et al. [17]. However, this strategy was 

hindered by inadequate support for multimodal transit and 

limited real-time data integration. 

Even though these studies show a lot of progress, there are 

still a number of gaps. Robust methods for ethical user data 

handling, real-time POI updates, and lightweight computational 

models appropriate for real-time applications are absent from 

many systems. To offer a comprehensive travel planning 

experience, more contextual awareness, cultural flexibility, and 

better multimodal transport integration are also required. 

III. METHODOLOGY 

This work intends to address issues with current trip 
planning, including clunky user interfaces, real-time data 
integration, and a lack of personalization. The overall 
methodology used in this work is illustrated in Fig. 1. The 
overall system has following layers: 

User Input Layer: Gathers user preferences, including kind of 
travel, cost, and length of journey. 
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Preprocessing Layer: Removes unnecessary entries from user 
and POI data as it is cleaned and processed 
Recommendation Layer: Based on user preferences, POIs are 
analyzed using content-based filtering, Collaborative Filtering is 
used to find trends among comparable users and Hybrid 
Filtering is used to provide a final set of suggestions by 
combining the two methods. 
Itinerary Optimization Layer: Based on user constraints, 
arranges the suggested points of interest into an itinerary that is 
optimized. 
Output Layer: Shows the user the completed itinerary. 

 

 
Fig. 1. Mehodology Used 

 

A. Data Collection 

The objective is to create a platform driven by AI that offers 

customized travel schedules based on user preferences, 

weather, and travel circumstances which requires a lot of 

information gathering. Tourist attractions and reviews can be 

collected by utilizing web scraping methods to acquire 

information from websites such as Holidify, Yatra, and 

TripAdvisor. Names of the destinations, points of interest, 

reviews, ratings, and geographic information like latitude and 

longitude should all be included in the data collection. Data in 

real time is also needed to provide real-time updates on flight 

and lodging availability, incorporate weather predictions 

transportation data. The system uses predefined data of Points 

of Interest (POIs), which includes various tourist destinations, 

activities, and experiences categorized by: 

 Type: Cultural, spiritual, adventure, etc. 

 Cost: Estimations for entry, travel, and other related 

expenses. 

 Time Slots: Availability and timing for visiting the 

POIs. 

B. User Input 

The system prompts the user for the following inputs: 

 Type of Trip: The type of travel experience the user is 

interested in (e.g., adventure, cultural, spiritual). 

 Duration: Number of days for the trip. 

 Budget: The overall budget for the trip. 

 Travel Group Type: Identifies whether the user is 

traveling alone, with friends, or with family. 

 Additional Queries: A follow-up input if the user has 

any preferences or specific constraints. 

C. Itinerary Generation Process 

The core functionality is built around an itinerary generation 

algorithm, which works in the following steps: 

1. Data Filtering: Based on the user’s input (trip type, 

budget, duration, and travel group), the system filters 

the POIs using the predefined data. POIs that do not fit 

within the budget or time constraints are filtered out. 

2. Ranking POIs: After filtering, the remaining POIs are 

ranked based on relevance to the user’s input. A utility 

score is assigned based on factors like type match, time 

suitability, and cost efficiency. 

3. Time Allocation: Each POI is assigned a time slot 

within the itinerary. The system ensures that the POIs 

are logically ordered to minimize travel time between 

them, thereby optimizing the trip flow. 

4. Budgetary Constraints: The system checks that the 

total cost of the selected POIs does not exceed the 

user’s budget. If the budget is exceeded, less critical 

POIs are removed until the budget constraint is 

satisfied. 

5. Final Output: The system outputs a final itinerary that 

includes the list of POIs with details (e.g., name, type, 

time to visit), suggested start and end times for each 

day’s activities, an estimate of total costs for the trip 

and additional info, such as weather or special events 

during the travel dates. 

D. Saving the Itinerary 

The generated itinerary is saved as a CSV file, enabling easy 

export and sharing of the travel plan. The CSV contains details 

of the trip, including POIs, their respective costs, and time slots. 

E. Recommendation System 

We have included a recommendation algorithm in our 

personalized trip itinerary generator to improve user experience 

by offering thoughtful recommendations for points of interest 

(POIs). The recommendation system employs a variety of 

strategies, such as collaborative filtering, content-based 

filtering, and hybrid approaches, to make sure users get the 

most appropriate recommendations based on their interactions, 

preferences, and past behaviour. 

Content-based recommendations: The user is recommended 

items that are similar to the ones the user favored in the past. It 

recommends POIs to users based on the features and attributes 

of the POIs and the user’s preferences[18]. In our system, we 

utilize various characteristics of the POIs, such as: 

 Category: Types of POIs such as cultural, adventure, 

or spiritual. 

http://www.jetir.org/


© 2025 JETIR June 2025, Volume 12, Issue 6                                                            www.jetir.org (ISSN-2349-5162) 

JETIR2506014 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org a114 
 

 Cost: Estimated costs for visiting, which include entry 

fees, travel expenses, etc. 

 Duration: Average time required for visiting each POI. 

 User Ratings: Reviews from past users to determine 

popularity and quality. 

The content-based approach works by generating a user 

preference profile based on the user's input, including their trip 

type (e.g., adventure, cultural), budget, and travel group type 

(e.g., friends, family). We calculate the similarity between the 

user's profile and the feature vectors of available POIs using 

cosine similarity or Euclidean distance. By ranking POIs based 

on their similarity to the user's Preferences, we can recommend 

POIs that best match their travel expectations. 

Collaborative recommendations: The user will be 

recommended items that people who have similar tastes and 

preferences preferred in the past.Collaborative filtering 

identifies recommendations based on the behaviour and 

interactions of similar users. In this approach, the system finds 

users with similar preferences and recommends POIs that these 

similar users have enjoyed but that the current user has not yet 

explored. Collaborative filtering can be divided into two 

subtypes: 

 User-Based Collaborative Filtering: Finds users with 

similar preferences and recommends POIs that those 

users have interacted with. 

 Item-Based Collaborative Filtering: Identifies POIs 

that are frequently liked together and recommends 

those items. 

For collaborative filtering, we create a user-item interaction 

matrix, where rows represent users, and columns represent 

POIs. The matrix contains ratings or interaction data (such as 

whether the user has visited a POI or not. 

Hybrid approaches: These methods normally are composed of 

collaborative and content-based methods. We employ the 

weighted hybrid approach in our system, where the 

recommendations from both content-based and collaborative 

filtering methods are combined using weighted score. This 

ensures that users receive recommendations that not only align 

with their preferences but are also based on what similar users 

have enjoyed. 

 

 
Fig. 2. Screenshot of Generated Itinerary 

 

Geographically close attractions were successfully grouped 

using K-Means clustering of Points of Interest (POIs).This cuts 

down on the amount of time it takes to get from one place to 

another by allowing the system to suggest sensible and effective 

travel paths. In order to help travelers make coherent day-by- 

day itineraries, each cluster symbolizes an area of the city where 

attractions have comparable features or are close by. Fig. 3 

shows the result of clustering 

 

IV. RESULT 

The proposed system is to improve user experience, the 

suggested approach for creating customized schedules for travel 

blends machine learning algorithms with sophisticated data 

processing techniques. Fig. 2 shows a screenshot of generated 

itinerary for a user interested in spiritual travel in Jaipur. 

 
 

 

 
 

 

 
 

 

Fig. 3. The Clustering of Points of Interests in Jaipur 
 

Logistic regression was used for sentiment analysis in order 

to examine user evaluations and get information about the 

quality and popularity of POIs. In identifying reviews as either 

favourable or negative, the model demonstrated encouraging 

accuracy, which helps rank attractions according to user 

reviews. This guarantees that places with high ratings are given 

precedence in the itineraries that are produced. Finally, the 

itinerary was generated by the recommendation layer using 
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hybrid filtering. Table I shows the performance of the 

various components. 

 
TABLE I. PERFORMANCE 

 

Algorithm Task Accuracy Precision Recall F1 

Logistic 

Regression 

Sentimental 

Analysis 
85.2 0.87 0.84 0.85 

K-Means POI 
Clustering 

92.4   0.88 

Hybrid 

Model 

Itinerary 

Suggestion 
88.6 0.90 0.86  

 

A semantic analysis of POI descriptions is also made 

possible by the incorporation of content-based clustering, 

which groups attractions according to their theme 

characteristics, such as adventurous, spiritual, or cultural 

experiences. When recommending places, our hybrid approach 

guarantees that user preferences are taken into consideration. 

V. CONCLUSION 

The smart travel itinerary generator successfully offers 
individualized and effective travel planning solutions, the smart 

travel itinerary generator effectively combines sentiment 
analysis, machine learning, and clustering approaches. By taking 
into account user preferences including travel type, budget, and 
length, the system efficiently suggests Points of Interest (POIs) 
while guaranteeing the best possible routing using proximity- 
based clustering. The technology improves user happiness by 
giving priority to highly-rated locations by integrating sentiment 
analysis and user feedback. Outperforming conventional static 
itinerary planners, the hybrid solution offers a distinctive 
balance of personalization and usefulness by fusing 
geographical grouping with content-based clustering. This paper 
shows that using AI to transform trip planning is both feasible 
and beneficial. In future virtual tours of suggested attractions can 
be provided through the addition of augmented and virtual 
reality capabilities, improving the user experience while 
planning. : By learning from user behaviour over time, such as 
past travels and preferences, sophisticated AI models, such as 
recommender systems that use deep learning, could enhance 
personalization. 
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