
International Journal of Innovative Research in Science 

 Engineering and Technology (IJIRSET) 

(A Monthly, Peer Reviewed, Refereed, Scholarly Indexed, Open Access Journal) 

 

         Impact Factor: 8.699 Volume 14, Issue 4, April 2025 

 

 



 

|www.ijirset.com |A Monthly, Peer Reviewed & Refereed Journal| e-ISSN: 2319-8753| p-ISSN: 2347-6710| 

                                           Volume 14, Issue 4, April 2025 

                                              |DOI: 10.15680/IJIRSET.2025.1404318| 

 IJIRSET©2025                                      |     An ISO 9001:2008 Certified Journal   |                                         8046 

Tourism Hotspot Detection using Social Media 

and Geo-Data 
 

G. Vidya Sagar, K. Lakshmi Harshitha, CH. Sadhana, CH. Yuvaraj Venkata Sai,  

K. Veera Bhadrinath, T. Sukesh 

Assistant Professor, Department of Artificial Intelligence and Data Science, Sree Venkateshwara College of 

Engineering, North Rajupalem, Nellore, India 

U.G. Student, Department of Artificial Intelligence and Data Science, Sree Venkateshwara College of Engineering, 

North Rajupalem, Nellore, India 

 

ABSTRACT:  The Tourism Hotspot Detection System is an AI-driven solution designed to identify and analyse popular 

tourist destinations using advanced data analytics, geospatial mapping, and machine learning techniques. By leveraging 

real-time data from social media check-ins, travel reviews, GPS tracking, and historical visitor trends, the system 

effectively detects emerging and high-traffic tourism hotspots. It employs clustering algorithms and heatmaps to visualize 

and categorize popular destinations, providing valuable insights to tourism boards, businesses, and travellers. 

Additionally, predictive analytics help forecast future trends, enabling better tourism planning and resource allocation. 

The system features an interactive dashboard that allows users to explore hotspots based on categories such as nature, 

historical sites, and nightlife. Designed for tourism boards, travel agencies, urban planners, and independent travellers, 

this solution enhances tourism management, improves visitor experiences, and promotes sustainable tourism 

development. 
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I. INTRODUCTION 

  

Tourism is a vital industry that contributes significantly to the economy of many countries. Understanding the movement 

and preferences of tourists helps in optimizing infrastructure, improving services, and promoting emerging destinations. 

The Tourism Hotspot Detection System is designed to analyse and identify popular tourist locations using artificial 

intelligence and data-driven approaches.  

 

This system collects and processes real-time data from various sources such as social media platforms, GPS tracking, 

online travel reviews, and historical visitor records. By applying machine learning algorithms and geospatial analysis, 

the system can recognize frequently visited areas and detect emerging tourism trends. It provides interactive 

visualizations and analytics to help tourism boards, businesses, and independent travellers make informed decisions. This 

AI-powered system aims to enhance tourism management by offering data-driven solutions that support sustainable 

development, targeted marketing, and personalized travel experiences.  

 

II. LITERATURE SURVEY 

 

The detection of tourism hotspots using social media and geo-data has gained significant attention in recent years, 

driven by the rapid growth of user-generated content on platforms such as Instagram, Twitter, and Flickr. Early studies 

focused on utilizing geotagged photos and posts to map tourist movement patterns and identify popular destinations. 

Researchers like Crandall et al. (2009) demonstrated the potential of Flickr images for mapping landmarks through 

clustering algorithms. Subsequent work by Lee et al. (2013) expanded on this by analysing geo-tagged tweets, showcasing 

how social media can offer near real-time insights into tourist activities. Machine learning techniques, including density-

based spatial clustering (DBSCAN) and k-means, have been widely adopted to automatically discover clusters 

representing hotspots. In addition to clustering, more recent studies have incorporated natural language processing (NLP) 
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methods to analyse the content of posts, extracting semantic information about user experiences and preferences. The 

integration of GPS traces, mobile check-ins, and volunteered geographic information (VGI) has further enhanced hotspot 

detection accuracy. Deep learning approaches, such as convolutional neural networks (CNNs) and graph neural networks 

(GNNs), are increasingly being applied to model the complex spatial-temporal patterns of tourist behaviours. Moreover, 

researchers have emphasized the importance of combining multiple data sources, including social media, mobility 

datasets, and open geographic data (e.g., OpenStreetMap), to improve robustness and reduce biases inherent in single-

source data. Overall, the literature reflects a strong trend towards multi-modal, real-time analysis frameworks that 

leverage social media and geo-data to dynamically detect, predict, and manage tourism hotspots, offering valuable 

insights for urban planners, tourism boards, and policy makers. 

 

III. METHODOLOGY 

 

Data Collection: 

Social Media Data: Collect social media data from platforms such as Twitter, Instagram, and Flickr using APIs or                

web scraping techniques. 

Geo-Data: Collect geo-data from sources such as GPS, GIS, and OpenStreetMap. 

User-Generated Content: Collect user-generated content such as photos, videos, and reviews. 

 

Data Preprocessing: 

Data Cleaning: Clean and preprocess the collected data to remove duplicates, noise, and irrelevant information. 

Data Integration: Integrate the social media and geo-data into a single dataset. 

Data Transformation: Transform the data into a suitable format for analysis. 

 

Analysis: 

Spatial Analysis: Perform spatial analysis to identify patterns and trends in the data. 

Machine Learning: Apply machine learning algorithms such as clustering, classification, and regression to identify 

tourism hotspots. 

Geospatial Analysis: Perform geospatial analysis to identify relationships between tourism hotspots and other geographic 

features. 

 

Hotspot Detection: 

Density-Based Clustering: Use density-based clustering algorithms to identify areas with high concentrations of tourist 

activity. 

Point-of-Interest (POI) Analysis: Analyse POIs such as attractions, restaurants, and hotels to identify popular destinations. 

Spatial Autocorrelation: Use spatial autocorrelation to identify areas with high levels of spatial dependence. 

 

Visualization and Evaluation: 

Data Visualization: Visualize the results using maps, charts, and graphs to communicate findings to stakeholders. 

Evaluation Metrics: Evaluate the performance of the methodology using metrics such as accuracy, precision, and recall. 

 

IV. EXPERIMENTAL RESULTS 

 

Fig 1.A. This picture shows a web application called Tourist Explorer running on localhost:8501, which means it's 

being hosted locally, probably using a tool like Streamlit. This is a clean, modern-looking landing page for a tourist 

hotspot finder app, designed to help users search, save, and analyse travel destinations. It even includes a chatbot feature 

for assistance. B. This image shows a dashboard interface for an application called Tourist Explorer. The purpose of 

this app seems to be helping users search for tourist places based on their preferences.  
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(A)                                                                                                     (B) 

 

C. This picture shows a Travel Chatbot web application called Tourist Explorer running on localhost:8501 —which 

suggests it's being developed and tested locally, likely using Streamlit (the URL and layout hint that). 

This app is like a mini travel assistant where you can explore places, save favourites, analyse travel data, and chat with a 

bot to get travel tips — all presented in a clean and simple dashboard. 

 

                                                                                

                                                                                                 (C) 

 

 Fig 2.A. This picture shows a web application called Tourist Explorer running on localhost:8501, which means it's 

being hosted locally, probably using a tool like Streamlit. This is a clean, modern-looking landing page for a tourist 

hotspot finder app, designed to help users search, save, and analyse travel destinations. It even includes a chatbot feature 

for assistance. B. This image shows a dashboard interface for an application called Tourist Explorer.  
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(C) 

 

C.This picture is another screen from the Tourist Explorer web app running locally (localhost:8501). This time, the 

user is on the Analysis page. This page gives users a quick overview of how many tourist places are stored in the system, 

from how many countries, the average user ratings, and lists the top-rated tourist spots. It's an analytics dashboard for 

travel data. 

 

V. CONCLUSION 

 

The tourism hotspot detection system successfully identifies, analyses, and visualizes trending tourist destinations by 

leveraging machine learning, geospatial mapping, and real-time data analysis. By collecting data from sources like social 

media check-ins, travel reviews, and GPS data, the system provides a dynamic and data-driven approach to tourism 

analytics.  

Overall, the system provides accurate, automated, and data-driven solutions that help tourism stakeholders improve 

planning, marketing strategies, and travel experiences. The combination of AI-powered analytics and geospatial 

visualization makes it a valuable tool for understanding tourist behaviour and optimizing tourism management.   
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