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Abstract—The evolution of digital platforms and the abundance 

of travel-related information have reshaped the way individuals 
plan their journeys, with recommender systems emerging as 
indispensable tools in navigating the vast landscape of travel 
options. Against this backdrop, this paper embarks on a 
comprehensive exploration of the types of travel recommendation 
systems and surveying both traditional and intelligent systems’ 
approaches while discussing the algorithms that underpin their 
functionality. Through a comparative analysis of various 
algorithms, we aim to elucidate the transformative potential of 
artificial intelligence (AI) in enhancing the travel experience by 
shedding light on how AI-driven recommendations adapt to 
individual preferences and evolving trends. Furthermore, this 
research endeavours to contribute to the ongoing discourse on the 
evolution of travel technology and its impact on user experiences. 
Through a blend of real-world data analysis and theoretical 
insights, we seek to deepen our understanding of how technology 
and travel intersect. Ultimately, our goal is to empower travelers 
with the knowledge they need to make informed decisions and 
create memorable experiences in today’s digital age. 

Keywords—Travel Recommendation Systems, Comparative 
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I. INTRODUCTION 

In today’s interconnected world, where travel has become a 

fundamental aspect of human experience, the need for effective 

Travel Recommendation Systems has never been more 

pronounced. As individuals traverse various geographical 

locations for purposes ranging from leisure and adventure to 

business and migration, the demand for personalized travel 

experiences has soared. 

The past decade has witnessed the establishment of traditional 

travel recommendation systems [1], which initially relied on user-

generated content, ratings and static preferences to offer 

recommendations. However, the advent of Intelligent Travel 

Recommendation Systems [1] has ushered in a new era of 

personalization and adaptability, leveraging advanced 

technologies such as Artificial Intelligence (AI), Machine Learning 

(ML) [2], and data analytics to deliver tailored recommendations 

that evolve with the user’s journey. 

By synthesizing insights from recent advancements in AI driven 

recommender systems and drawing parallels with the travel 

industry, this paper seeks to illuminate the challenges, limitations 

and opportunities inherent in harnessing AI for recommendation 

tasks within the travel domain. A series of studies are examined to 

derive conclusions for the same. 

Our journey begins by examining the foundational principles of 

travel recommendation systems, tracing their evolution from static 

recommendation engines to dynamic, AI-powered platforms. 

Traditional Recommendation Systems rely on content-based 

filtering, collaborative filtering, contextaware filtering [3,4,5] and 

popularity-based ranking to generate recommendations based on 

user preferences and static data. Content-based systems analyze 

item attributes to recommend similar items, while collaborative 

filtering systems generate recommendations based on user 

behaviour and preferences [3]. Hybrid approaches combine 

elements of both methods to leverage their strengths. 

Conversely, Intelligent Recommendation Systems harness the 

capabilities of AI to analyze vast datasets, including user 

behaviour, social media activity, and real-time information, to 

deliver personalized recommendations that adapt to individual 

preferences and context. 

As we delve deeper into Travel Recommendation Systems, we 

uncover the algorithmic insights driving their functionality. 

Comparative analysis of various algorithms and models like Neural 

Network models [6], Evolutionary Algorithm and Topsis Model 

[7], Spatiotemporal Network [8], Floyd Warshall Method [8] and 

many more is performed in this paper, giving a detailed overview 

and differences among the algorithms. 

Ontologies [3] and Evolutionary algorithms are a major part of 

travel recommendation systems. Evolutionary algorithms are a 

class of optimization algorithms inspired by the process of natural 

selection and evolution. Swarm Intelligence Algorithms are a type 

of Evolutionary Algorithm inspired by the collective behaviour of 

social organisms such as ants, bees, and birds. One such algorithm 

namely Artificial Bee Colony [7] is discussed below. 

AI has revolutionized the way recommendations are generated 

and personalized for users. It harnesses the power of AI and ML, 

NLP(Natural Language Processing) algorithms and Deep learning 

to make informed, accurate decisions. Natural Language 

Processing algorithms are used to analyze and process large 

volumes of text data, enabling applications such as sentiment 

analysis, language translation, and chatbots. Fuzzy logic [9], and 

transfer learning to neural networks [2,10] and Deep learning, all 

have helped develop Intelligent Systems greatly. 

Each section of this paper will provide a detailed view of 

algorithms, making it easier to analyze and compare them. 
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II. TYPES OF TRAVEL RECOMMENDATION SYSTEMS 

A. Collaborative Filtering for Recommendation Systems 

Collaborative filtering is a popular technique in Travel 

Recommendation Systems that predicts user preferences based on 

the interests of similar users. It identifies these similarities by 

analyzing user interactions with items. This method includes two 

types: model-based and memory-based. Model-based filtering uses 

models like Matrix Factorization and Deep Learning for 

recommendations, while memory-based filtering includes user-

based and item-based methods. User-based systems recommend 

based on user similarities, while item-based systems focus on item 

similarities. Collaborative filtering enables personalized and 

adaptive recommendations in travel systems. 

 

B.Content-based Recommendation System 

Content-based recommendation system is an approach that is 

widely used for personalized recommendations. It recommends 

users items based on their preferences for certain features or 

content. This approach works on the principle assumption that the 

users have similar preferences to what they have previously 

interacted with or liked [4]. In a content-based recommendation 

system, items are described using a set of features or attributes, 

such as distance, traffic and crowd, and recommendations are 

generated based on the similarities between these features or 

attributes and users’ past preferences. The main advantage of the 

content-based recommendation is that it does not require feedback 

from the users but only the data about the items they have 

interacted with making it a scalable solution for large datasets. 

However, the accuracy of content- based recommendations can be 

limited by the quality and availability of item features, and by the 

potential for users to change their preferences over time [11]. 

C. Hybrid recommendation system 

A hybrid recommendation system is how multiple 

recommendation algorithms work together to provide more 

personalized and accurate recommendations to the users [12]. It 

integrates various algorithms and data sources. The use of multiple 

recommendation algorithms together allows the system to 

overcome the limitations and disadvantages of a single algorithm. 

More accurate and personalized recommendations are obtained 

using this system. This leads to a better user experience and 

improved satisfaction. Celdran et al. [13] proposed a novel 

recommender system that combines collaborative filtering, 

content-based filtering, and contextaware filtering. By leveraging 

user behaviour and collaborative location and tracking data, this 

approach offers personalized recommendations. The inclusion of 

context aware filtering, which considers contextual factors like 

location and tracking data, enhances the relevance and meaning of 

the recommendations. This hybrid system presents a 

comprehensive approach, potentially enhancing the user 

experience through tailored and contextually relevant suggestions. 

D. Context Aware 

Context-aware filtering in travel recommendation systems 

involves tailoring suggestions based on various context-based 

factors such as user preferences, physical considerations like time 

Figure 1: Types of Recommendation System 
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and season, spatial aspects including location, social influences 

from friends or networks, device- specific functionalities, 

environmental conditions such as weather, and historical 

interactions. By incorporating these contextual elements, the 

system can deliver relevant recommendations, thereby enhancing 

the user experience and satisfaction with the provided suggestions. 

The authors of [5] have also presented a comprehensive overview 

of context-aware systems in a mobile environment to identify the 

contextual information that has been used in context aware 

recommendation systems to sketch the possible future directions. 

It can be useful for travel recommendations as well.                                                                                                                              

III. COMMON ALGORITHMS USED 

Travel Recommendation Systems encompass diverse 

recommendation strategies. These techniques aim to personalize 

travel recommendations by analyzing user preferences and item 

characteristics, offering tailored suggestions for enhanced user 

experiences. Various  algorithms that are utilized in these models 

are discussed below. 

A. Normalized Attraction Travel Personality (NATP) 

Turki Alenezi el al. [6] presented a method utilizing NATP to 

depict travel destinations by analyzing the User Travel Personality 

(UTP) derived from user’s feedback. 

In the process, feature extraction is performed where a feature 

matrix is constructed to encapsulate the attributes of attractions. 

Each row signifies an attraction and each column represents a 

distinct feature. To ensure uniformity and comparability, 

normalization is conducted on each feature vector xi resulting in a 

probability distribution. 

User Travel Styles (UTSs) are captured in a matrix U, where 

rows correspond to users and columns represent specific travel 

styles.The Wisdom of Crowds principle is invoked to aggregate 

UTS preferences, yielding a collective preference vector, 

calculated as the average of individual user preferences. In the 

recommendation phase, given a user query represented by the UTS 

vector uq. 

The similarity between uq and each attraction’s NATP 

representation is computed utilizing cosine similarity: Attractions 

exhibiting high similarity scores relative to the user query are then 

recommended, facilitating personalized travel suggestions. 

B. Spatial-Temporal Long Short Term Neural Network 

(SLSTNN) 

Xiaoshuang Sheng el al. [7] introduced a novel approach for a 

personalized recommendation of location-based services, 

integrating spatial and temporal awareness. To tackle the challenge 

of sparse data, they leveraged Uber’s H3 address encoding 

technique to encode location information efficiently. Additionally, 

a hierarchical attention mechanism was employed to construct a 

representation of a user’s long and shortterm sequence vectors, 

which adapted dynamically based on the specific target items. This 

innovative method enhances recommendation accuracy by 

considering both the geographical and temporal aspects of user 

preferences. 

The objective of the SLSTNN (Spatial-Temporal Long Short 

Term Neural Network) is to effectively capture both long-term and 

short-term temporal dependencies inherent in spatiotemporal data. 

The methodology begins with the input data, denoted as XRTN, 

where T represents the number of time steps and N signifies the 

number of spatial locations. For the long-term representation, a 

stacked 1D dilated Convolutional Neural Network (CNN) is 

employed to extract enduring trends from the input data. 

In contrast, for short-term representation, another neural 

network architecture, such as a CNN or a Recurrent Neural 

Network (RNN), is utilized to discern fine-grained shortterm 

temporal features. These two representations, long-term trends L 

and shortterm features S are then fused to formulate the final 

prediction, Y=f(L, S), where f represents the function integrating 

the two representations to yield the ultimate prediction. This 

comprehensive approach allows for a nuanced understanding of 

spatiotemporal dynamics, leading to more accurate predictions in 

location-based services. 

C. Hybrid recommendation method using ABC Algorithm and 

Fuzzy TOPSISS.  

Forouzandeh et al. [9] developed a recommendation system 

combining the TOPSIS Fuzzy model with the ABC algorithm to 

suggest tourist destinations based on individual preferences. 

TOPSIS Fuzzy Model: The model identifies a positive ideal 

solution using factors rated by respondents from 1 to 10. The 

Fuzzy TOPSIS then ranks destinations by evaluating them against 

a set of criteria, calculating distances to the ideal solution for final 

ranking. 

ABC Algorithm: The ABC algorithm optimizes this process by 

iteratively refining destination selection through a fitness 

function. 

This hybrid approach merges the ABC algorithm’s optimization 

with Fuzzy TOPSIS’s multicriteria evaluation, effectively 

recommending optimal tourist destinations. 

 
D. Two-Stage Spatiotemporal Network 

Yiwen Wang et al. [14] introduced a two-stage spatiotemporal 

network for personalized travel itineraries. The model first uses a 

shortest path algorithm to create an optimal route based on travel 

attractions and integrates multiple travel modes. In the second 

stage, a spatiotemporal network refines daily travel plans by 

addressing time constraints and route-planning complexities. 

1) First Stage : Spatiotemporal Pattern Prediction 

2) Second Stage : Detail Refinement: Combines the initial 

prediction with refined details to generate the final travel 

recommendation. 

 

E. Convolutional Neural Network (CNN) Text Classification 

Algorithm 

The authors of [16] explored the integration of IoT services in 

modern tourism, using advanced technologies to extract insights 

from tourism data. They developed a CNN-BiLSTM model for 

sentiment analysis in smart tourism, categorizing textual reviews 

as positive or negative based on review ratings. The CNN-BiLSTM 

model outperformed Bidirectional Long Short-Term Memory and 

Text Convolutional Neural Network models in precision (87.9%), 

recall (88.34%), accuracy (85.1%), and F1 value (85.41%). These 
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results highlight the model's effectiveness in enhancing smart 

tourism services. 

In CNN text classification, the model learns to extract features 

from word embeddings (like Word2Vec or GloVe) using 

components such as Convolutional Layers, Max-Pooling Layers, 

and Fully Connected Layers to generate sentence representations 

for prediction. 

F. Ontology-based model 

 Various models are based on ontologies. One such model is 

studied in [18] to address shortcomings observed in existing Travel 

Recommendation Systems. By leveraging an ontology framework, 

the system efficiently integrates diverse data models to deliver 

personalized travel recommendations. A semantic data 

classification technique, augmented by a hybrid filtering approach, 

is employed to analyze the similarity of interconnected entities 

such as tours and visitors. Results demonstrate that the proposed 

ontology- based approach surpasses alternative methods, 

exhibiting superior accuracy in travel recommendations. The 

integration of ontology plays a pivotal role in enhancing the Travel 

Recommendation System, imbuing it with rich domain-specific 

information. This entails the development of an ontology that 

encapsulates intricate domain knowledge and relationships 

between entities. 

V. COMPARATIVE ANALYSIS 

The below comparison analyzes algorithms used in Travel 

Recommendation Systems to understand their importance, benefits 

and problems. After examining different algorithms the 

significance of each algorithm is discussed along with its 

limitations, and challenges faced to incorporate them into real-time 

travel recommendation systems. In Table 1 

 

VI. INTELLIGENT SYSTEMS 

Intelligent Systems analyze data from sources such as user 

profiles, travel histories, reviews, ratings, social media, and real-

time information, using techniques like Natural Language 

Processing, sentiment analysis, and collaborative filtering to 

understand travel preferences and behaviors. The Intelligent 

Tourist Attractions System (ITAS) from 2012 uses the EBM model 

and Bayesian network analysis to recommend tourist attractions, 

integrating Google Maps data and collaborative filtering, with an 

accuracy assessed by an AUC of 0.877. A 2023 study applied 

convolutional neural networks (CNNs) to analyze tourist reviews, 

significantly reducing the mean absolute error (MAE) in 

recommendations compared to traditional models. Zhonghua 

Wang’s advanced collaborative filtering model incorporates 

Jeffries-Matusita distance and ontologies to enhance similarity 

calculations. Markov models predict future travel destinations 

based on past sequences, using transition probabilities represented 

in a matrix. Evolutionary algorithms, such as the Artificial Bee 

Colony algorithm, are used for complex optimization problems in    

travel planning, mimicking biological evolution to improve 

solutions. A neural network solution combining Convolutional 

Neural Networks (CNNs) and the Asynchronous Advantage 

Actor-Critic (A3C) algorithm addresses navigation in random 

environments and enhances self-driving tourism through deep 

reinforcement learning. Spatiotemporal network modeling 

approaches, like those by Yiwen Wang and Jihui Ma, simplify the 

traveling salesman problem and manage scheduling within time 

windows for multi-day itineraries. 

 Privacy and data governance are key challenges, with General 

Data Protection Regulation, California Consumer Privacy Act, and 

Personal Data Protection Bill providing frameworks for protection. 

Travel recommendation systems also deal with NP completeness 

in planning and scheduling, utilizing genetic algorithms, agent- 

Algorithms used Significance Advantage Challenge 

NATP (Normalized 

Attraction Travel 

Personality) 

representation[1] 

 Enhances travel 

 recommendation systems    

by providing personalized  

attraction recommendations 

The advantage of the NATP 

algorithm lies in its ability to 

seamlessly integrate individual user 

preferences with collective insights, 

ensuring highly personalized travel 

recommendations. 

For attraction representation to the 

user, firstly a survey is needed to 

be performed. 

SLSTNN (Spatial-

Temporal Long and Short-

Term Neural Network [2] 

Improves location-based 

service recommendations 

by considering both long 

and short- term user 

behaviour sequences. 

Captures spatio-temporal data in 

personalized service recommendation. 

Utilizes double- layer attention 

mechanism. 

SLSTNN has a longer training 

time compared to simpler models 

like Logistic Regression, primarily 

due to its complex network 

structure. 

Hybrid approach 

combining ABC 

(Artificial Bee Colony) 

algorithm and Fuzzy 

TOPSIS [3] 

Provides a novel method 

for tourist spot 

recommendations by 

integrating evolutionary 

algorithms and multi-

criteria analysis. 

ABC algorithm searches among 
destinations. 

Fuzzy TOPSIS optimizes system 

using multiple criteria. The accuracy 

of the recommender system, focused 

on tourist destinations in five Iranian 

cities, is estimated at 90-95%. 

Potential biases in online 

questionnaire responses and 

resource-intensive data processing 

pose challenges, and a focus 

solely on accuracy may overlook 

other important aspects 

CNN-based text 

classification algorithm 

[7] 

Addresses the integration 

of IoT services into 

contemporary tourism 

enterprises. 

Manages information in smart 

tourism using IoT devices. 

CNNs for text classification face 

challenges in limited contextual 

information, fixed filter sizes, data 

sparsity, model complexity, and 

overfitting. 
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 based systems, and heuristics to handle computational 

complexity.  

IV. TRADITIONAL VS INTELLIGENT SYSTEMS 

Comparison between traditional and intelligent travel 

recommendation systems reveals fundamental disparities. 

Traditional systems offer simplicity and transparency through 

predefined rules and algorithms but may lack personalized 

recommendations and adaptability. In contrast, intelligent systems 

accurate and relevant recommendations over time. They can also 

adapt and learn from user feedback to continuously improve the 

quality of recommendations using reinforcement learning. 

One of the main points of differentiation is that the traditional 

systems provide recommendations purely based on current user 

inputs. The intelligent systems go a step further and analyze the 

past data and create a more interactive experience for the users  

Just like traditional systems, intelligent systems also use 

content-based and collaborative filtering algorithms, but they 

combine them with neural networks  

and ontologies to produce better accuracy. This also helps them to 

capture complex patterns that are not detected by simple 

algorithms. 

The emergence of an Intelligent Tourism Recommendation 

System (ITRS) driven by Artificial Intelligence (AI) and Internet 

of Things (IoT) technologies in China are discussed in a 2023 paper 

which uses the Apriori algorithm and showcases experimental 

results to be 93.4% accurate which is a lot more than what is 

obtained using the traditional methods. 

Algorithms used Significance Advantage Challenge 

Two-stage spatiotemporal 

network [5] 

Facilitates personalized 

travel planning by 

considering both spatial 

and temporal aspects 

Provides personalized daily travel 

planning using spatiotemporal data. 

Time window problem is a major 

problem to be tac, travelling 

salesman problem is a 
difficult NP-Hard problem. 

Ontology-based 

personalized 

recommendation system 

[9] 

Enhances travel 

Recommendations by 

incorporating domain-

specific knowledge. 

Utilizes ontology for representing 

domain knowledge. Provides 

personalized travel recommendations 

Data dependency, 

Ontology Development 

Table 1: Comparative Analysis 

Fig 2: Traditional Vs Intelligent System 
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Intelligent systems revolve around the idea of giving 

recommendations based on current input and past data. So data 

handling becomes an issue. Cold start problem, discussed in a 2022 

paper, which occurs when there is insufficient data available to 

make accurate recommendations for new users or items is common 

in intelligent systems.. Hybrid Models of both traditional and 

intelligent systems can help resolve various problems encountered 

by both systems. 

One area where traditional systems are preferred over intelligent 

ones is data privacy. While traditional systems do require user data, 

it does not store and analyze it in further recommendations. 

VII. CONCLUSION 

In the future, Travel Recommendation Systems are poised to 
undergo significant advancements. These developments will 
involve exploring diverse algorithms and methodologies to 
incorporate traffic analysis based on both historical and 
realtime data.  

To integrate traffic analysis into the Travel 
Recommendation System, we will first utilize the MapmyIndia 
API to gather historical traffic data, which includes historical 
congestion levels, traffic speeds, and incidents over various 
times and routes. This data will be stored in a structured 
database, from which we will develop predictive models to 
analyze patterns and forecast future traffic conditions based on 
time of day, day of the week, and historical trends. 
Concurrently, the Google Maps API will be integrated to 
provide real-time traffic updates, such as current traffic speeds, 
incidents, and road closures. The system will combine insights 
from both historical predictions and real-time data to 
dynamically adjust travel recommendations, offering users 
optimized routes that minimize delays and improve efficiency. 
This approach ensures that recommendations are both 
informed by past trends and responsive to current conditions. 
However, this evolution presents several challenges, including 
seamless data integration, real-time processing capabilities, 
and the ethical integration of traffic analysis with 
recommendation algorithms. 

Addressing these challenges is crucial to ensure the ethical 
and transparent design of these systems. Key considerations 
include safeguarding user privacy throughout the 
recommendation process and accommodating diverse traveler 
preferences. This ethical approach not only fosters trust but 
also sets the stage for more personalized travel experiences. 

Looking ahead, the convergence of intelligent systems with 
ethical design principles signifies a transformative era for 
travel recommendation systems. This convergence promises to 
redefine personalized travel experiences, empower informed 
decision-making among travelers, and drive innovation across 
the tourism industry. 
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