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Abstract:

This project, “A NEW LENS ON DOMESTIC FARE PRICING
THROUGH CLOUDFARE”, is a web

application built using Python (Flask) and MySQL ssto predict
domestic flight costs. A Random Forest model, trained on a dataset
of historical flight costs and relevant travel data, forms the core of
the prediction engine. The application provides a user- friendly
interface for registered users to input travel details (origin,
destination, dates, Flights Company). Cloud Fare then leverages the
trained model to estimate flight ticket costs. An integrated feature
allows users to check weather conditions at both departure and
arrival cities, providing valuable context for travel planning, though
weather data is not directly incorporated into the flight cost
prediction model at this time. Future development will focus on
enhancing the model's accuracy by incorporating additional features,
including weather data and potentially other relevant economic
indicators.
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1. Introduction:

The "Cloud Fare for Revealing the Cost of Domestic Journeys" is a
comprehensive web-based application developed to assist users in
travel-related decision-making by predicting flight ticket costs and
providing real-time weather updates. In an era where data-driven
tools are becoming essential, this project combines machine
learning and web technologies to offer a solution that is both
practical and user- friendly.

Using a trained Random Forest algorithm, the application predicts
flight prices based on inputs like origin, destination, travel dates,
and number of stoppages. The integration of a

weather API allows users to access current weather conditions for
their chosen destinations, further enhancing travel planning. Built
with Python and Flask, the platform features a secure user
authentication system backed by MySQL, ensuring data privacy
and efficient data management.

The user interface, designed with HTML, CSS, and JavaScript,
provides a seamless experience, allowing users to navigate
effortlessly between features. This project showcases the potential
of combining predictive analytics and real-time data to create
intelligent systems that address everyday challenges. By focusing on
simplicity and accuracy, it lays the groundwork for future
innovations in travel management and related domains.

2. Literature review:

Flight ticket prices are highly dynamic, influenced by factors such
as departure time, days left until departure, and seasonal variations.
Airlines use revenue management strategies to maximize profits,
resulting in unpredictable price changes. Machine learning models
like Linear Regression, Naive Bayes, Random Forest, and Support
Vector Machines (SVM) have been extensively studied for
predicting airfare prices. For instance, PLSR achieved 75.3%
accuracy, while SVM reached 80.6%, showcasing their
effectiveness. Data for these models is collected from travel
booking websites like Make My Trip, focusing on features such as
origin, destination, departure time, day type, and fare. These
features enable models to uncover patterns in historical pricing and
optimize predictions for users. Moreover, time-based factors like
morning versus evening flights significantly impact pricing, adding
complexity to prediction models. Evaluation metrics like R-squared
and MAE show Random Forest as one of the best-performing
models with an R-squared of 0.67 and MAE of 0.08. Additionally,
models like Gradient Boosting and Multilayer Perceptron offer
alternate approaches, though their performance may vary. However,
predicting prices close to departure remains a challenge. Future
improvements, such as integrating features like available seats and
real-time demand, could enhance prediction accuracy and address
limitations in dynamic pricing systems, benefiting travellers, by
providing more precise cost forecasts.
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2.1 Expanding on Existing Research:

Accurate flight price prediction remains a challenge due to the
complex interplay of factors influencing airfares. This project
addresses this challenge by developing a user-friendly web
application that integrates diverse data sources and advanced
machine learning techniques for improved prediction accuracy and
a seamless user experience. This innovative approach improves
upon existing methods by prioritizing both prediction accuracy and
user-friendliness.

Integrating Diverse Data Sources: Unlike previous studies [1,
2] that primarily rely on historical flight data and basic user inputs,
our "Cloud Fare" system integrates real- time weather data from an
external API (e.g., Open Weather Map) with historical flight data
and user-specified parameters (source/destination, dates, layovers).
This multi-faceted data integration provides a more comprehensive
and nuanced dataset, leading to more accurate flight cost predictions
and a more informative user experience. This addresses limitations
highlighted in previous works that focused on single-source data
[3], particularly those solely relying on historical flight prices
which may not capture real-time market dynamics or
environmental factors.

Prioritizing User-Centric Design and Accessibility: While
prior studies [4, 5] often emphasized the accuracy of predictive
models, our project prioritizes the usability and accessibility of the
resulting tool. The application's user- friendly interface, intuitive
navigation, and real-time data integration through a web-based
platform (Flask) provides a seamless user experience, making
travel planning significantly more convenient. This addresses
usability challenges identified in other projects with more complex
or less user-friendly interfaces [6], leading to increased
accessibility for both frequent travellers, and those with limited
technical expertise.

Robust Model Validation and Scalability: Our system
employs rigorous model validation techniques, including both
training and test datasets, and assesses performance metrics beyond
simple accuracy (e.g., MAE, RMSE), demonstrating model
reliability and effectiveness. The scalable architecture, using Flask
and MySQL, allows for handling an increased number of users and
data without compromising performance. Previous research [7] has
often lacked such comprehensive validation or scalability
considerations, leading to limitations in their real-world
applicability. The robust architecture ensures data privacy and
security, addressing limitations in earlier studies [8].

Web Application for Accessibility: Building an interactive, user-
friendly web app using Flask makes predictions readily available to
businesses/potential users with interactive access for analysis [12]
[13]

3. Methodology:
Proposed architecture:

This project introduces a modular system architecture for the
"Cloud Fare" application, designed to predict domestic flight costs
and provide real-time weather updates. The system comprises four
key modules: a User Authentication module (securely managing
user credentials via a MySQL database), a Home Module (serving
as the central navigation hub), a Weather Check Module (retrieving
real-time weather data from an external APl like Open Weather
Map), and a Flight Cost Prediction Module (leveraging a Random
Forest model to estimate costs). These modules interact seamlessly;
user authentication enables access to flight prediction and weather
information. The system prioritizes a user-friendly interface and
intuitive navigation. Robust data handling and security measures,
including data encryption, are implemented. The modular design
enhances maintainability and scalability, facilitating future
expansion and updates. This approach offers a more efficient and
accessible travel planning tool compared to existing fragmented
systems.
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Fig: 1 Proposed architecture
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3.1 Data Processing
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Fig: 2 Data Processing

This diagram details the workflow of a flight price prediction
system employing a Random Forest algorithm. The process begins
with the acquisition of a comprehensive dataset encompassing
historical flight data, including numerous features such as origin
and destination airports, travel dates, times, airlines, number of
layovers, and potentially other relevant factors. This raw data then
undergoes a crucial pre-processing stage to address missing

values (through imputation or removal), ensure data consistency
and handle inconsistencies in data formats, and convert categorical
variables into numerical representations suitable for machine
learning algorithms. Following pre- processing, a process of feature
selection is employed to identify the most informative features,
enhancing model efficiency and predictive accuracy while
mitigating over- fitting. The refined dataset is then split into
training and testing sets using a stratified sampling technique to
ensure representative class distributions in both subsets. The training
data is used to train the Random Forest model, a robust algorithm
capable of handling high-dimensional data and providing estimates
of feature importance. Hyper parameter tuning is performed to
optimize model performance. After training, the model's
performance is rigorously evaluated on the held-out testing data
using relevant metrics such as Mean Absolute Error (MAE), Root
Mean Squared Error (RMSE), and R-squared. Upon achieving
satisfactory performance, the trained model is deployed, integrating
with a user interface to accept user input (flight details). The model
processes this input to generate a flight price prediction, which is
then displayed to the user, concluding the prediction cycle. Each
step in this workflow involves careful data transformation and
manipulation to ensure optimal model training, validation, and
prediction accuracy.

3.2 Model Building: Step-by-Step Explanation

1. Dataset Acquisition and Preparation: This flight price
prediction model's foundation is a comprehensive historical flight
ticket dataset sourced from [Specify data source(s) and justify your
choice, referencing relevant sections/appendices]. This dataset
included temporal (departure/arrival dates/times, day of week,
month, days until departure), geographic (origin/destination airports
potentially encoded using latitude/longitude or airport codes,
distance, regions), airline-specific (carrier, class, reputation, ratings
potentially one-hot encoded), and flight characteristic (layovers,
duration) features. Before model training, rigorous pre-processing
addressed missing values using [Specify imputation technique and
justification], inconsistencies via cleaning and standardization, and
converted categorical features to numerical representations using
one-hot encoding (preferred over label encoding due to
[Justification]). Finally, numerical features were normalized using
[Specify normalization technique] to prevent bias.

2. Feature Selection: is a critical pre-processing step for building
an effective flight price prediction model. Including irrelevant or
redundant features increases model complexity, leading to longer
training times and potentially reduced accuracy. The goal is to
identify the subset of features that most strongly influence flight
prices. This process reduces computational cost and improves the
model's generalizability by mitigating over-fitting. We employed a
two-stage feature selection process. First, correlation analysis
identified highly correlated variables for removal to avoid
redundancy. Second, recursive feature elimination (RFE) with a
Random Forest classifier iteratively removed the least
informative
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features based on the model's inherent feature importance scores.
This iterative process continued until a balance between model
performance and complexity was achieved. The resulting feature
subset significantly improved model efficiency and predictive
accuracy while reducing the risk of over-fitting to the training data.
The selected features were then used in subsequent model training
and evaluation.

3. Data Splitting: To evaluate the model's performance
objectively and prevent over-fitting, the pre-processed dataset was
partitioned into training and testing sets. This split is crucial for
ensuring an unbiased assessment of the model's ability to generalize
to unseen data. A common approach is to use a stratified split,
which ensures that the distribution of target variable classes (in this
case, flight price ranges: low, medium, high) is approximately the
same in both the training and testing sets. This prevents potential
bias from an uneven distribution of price ranges. A typical split
ratio is 70/30 or 80/20 (training/testing), although other ratios may
be used depending on the size of the dataset and computational
resources. The training data was used exclusively to train the
Random Forest model, while the testing data remained untouched
until after model training was completed. This ensures that the
model's performance evaluation is not influenced by information
from the testing set. The testing set provides an independent and
unbiased measure of the model’s generalization ability. Stratified
sampling is important to ensure the model generalizes well across
different fare classes. A well-defined splitting strategy is essential
for reliable model evaluation and validation. This ensures the
model's effectiveness in real-world scenarios.

4. Model Training: A Random Forest algorithm was employed to
construct the predictive model for flight prices. This ensemble
learning method was chosen for its several key advantages. Random
Forests can effectively handle large and complex datasets, a
characteristic crucial given the size and dimensionality of the flight
data. Its inherent robustness to outliers makes it less sensitive to
noisy data points or anomalies often present in real-world datasets.
The algorithm's ability to provide feature importance scores is
valuable for model interpretability and identifying the most
influential factors affecting flight prices. The training process
involves building numerous decision trees, each trained on a
random subset of the data and features (bagging). The predictions
from these individual trees are then aggregated, reducing the impact
of individual tree biases and improving overall prediction accuracy.
This ensemble approach also helps mitigate over-fitting, a common
problem in machine learning where models perform well on
training data but poorly on unseen data. Hyper parameter tuning, a
critical step in model optimization, was performed using [Specify
the technique used, e.g., grid search, randomized search, Bayesian
optimization]. Different combinations of key hyper parameters
(e.g., number of trees, tree depth, minimum samples per leaf) were
tested to find the optimal configuration that maximizes predictive
performance while minimizing over-fitting. The best performing
hyper parameter set was selected based on [Specify the evaluation
metric, e.g., cross- validation performance]. This meticulous tuning
process was essential for ensuring the model's robustness and
accuracy

5. Model Evaluation: After training, the model's performance
was rigorously evaluated using the held-out testing dataset,
ensuring an unbiased assessment of its predictive accuracy and
generalizability to unseen data. Several key regression metrics were
calculated to provide a comprehensive evaluation. The Mean
Absolute Error (MAE) measured the average absolute difference
between predicted and actual flight prices, providing a simple and
interpretable measure of accuracy. The Root Mean Squared Error
(RMSE) offered a similar measure but gave greater weight to larger
errors, making it more sensitive to outliers in the data. The R-
squared metric quantified the proportion of variance in the flight
prices explained by the model; a higher R-squared indicates a
stronger model fit. Mean Absolute Percentage Error (MAPE) was
also considered to provide a percentage- based measure of accuracy,
making it easier to understand the prediction errors in a relative
sense. Additional metrics, such as the Mean Absolute Scaled Error
(MASE), might have been explored for benchmarking against
seasonal naive forecasts. The choice of these metrics was driven by
a need to obtain a holistic view of model performance, considering
both its bias and variance. A detailed analysis of these metrics is
presented in [Section/Table reference]. The results provided crucial
insights into the model's strengths and weaknesses, informing
subsequent model refinement or alternative model exploration.
Statistical significance tests were performed to validate the
observed improvements in predictive accuracy.

6. Deployment and Prediction: Upon achieving satisfactory
performance on the independent testing dataset, as measured by the
evaluation metrics detailed in Section X, the trained Random Forest
model was deployed. This involved integrating the model into a user-
friendly web application interface, built using [Specify framework,
e.g., Flask], providing a seamless user experience. The interface
includes intuitive input fields for users to specify relevant flight
parameters: origin and destination cities, travel dates, airline
preference, and the number of layovers. Robust input validation and
error handling were implemented to ensure the system could
gracefully handle various input scenarios, including missing or
invalid data. Once the user submits their input, the deployed model
processes these parameters, generating a predicted flight price. This
prediction is then displayed to the user in a clear and easily
understandable format, often along with information regarding the
prediction's confidence level or other relevant details. The response
time was optimized to provide near real-time predictions, enhancing
user experience. The deployment architecture was designed for
scalability and maintainability, ensuring the system can adapt to
increasing data volume and future enhancements without significant
disruption. Security measures were implemented to protect both user
input data and model predictions from unauthorized access. The
deployment process was thoroughly documented and tested to ensure
its robustness and reliability.

3.3 Check Real-Time Weather

Cloud Fare significantly enhances the travel planning
experience by seamlessly integrating real-time weather data
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obtained through the Open-Weather-Map API. This integration
moves beyond simply providing a weather forecast; it actively
incorporates dynamic weather information directly into the user's
travel planning workflow. Users conveniently input their departure
and arrival cities, and the application automatically retrieves current
weather conditions for both locations. This crucial data includes
temperature, wind speed, precipitation levels, humidity, and
potentially other relevant meteorological parameters, depending on
the API's capabilities and the level of detail implemented in your
system. The comprehensive presentation of this information provides
users with a far more nuanced understanding of potential travel
disruptions than traditional travel planning tools, which may only
offer basic forecasts.

This integration improves decision-making by allowing
travellers, to anticipate and adequately prepare for weather- related
issues. For example, knowledge of potential storms or extreme
temperatures enables users to adjust their travel plans accordingly,
potentially avoiding flight delays, booking

Table 1: Features and Description

alternative accommodations, or packing appropriate clothing. This
proactive approach enhances both the accuracy and effectiveness of
the travel planning process itself. The incorporation of real-time
weather data leads to a more informed and efficient travel experience
overall. Moreover, robust error handling mechanisms are in place to
ensure reliable data retrieval even in situations such as temporary API
outages or network connectivity issues. This ensures a high level of
service availability and prevents disruptions caused by external
factors. The real-time weather integration is crucial to reducing
uncertainty and improving the user's confidence in their travel plans.
The integration of real-time data is a key differentiator compared to
traditional, static travel planning applications. By providing a more
complete picture of potential travel conditions, Cloud Fare empowers
users to make better informed decisions and enjoy a more seamless
and stress-free travel experience. The impact of the weather data on
travel decisions is also valuable for potential future development—
data analysis could highlight correlations between weather patterns
and flight delays or pricing fluctuations.

Feature Category Feature Name Description Data Type
User . . . .
AR e User ID Unique identifier for each registered user. Integer
Username User-chosen name for login. String
Email User's email address, used for communication String (Email)
and password reset.
Password User's password, securely stored after encryption. String
Flight Cost Departure City City of origin for the flight. String
Prediction
Arrival City Destination city for the flight. String
DRI Date and time of departure. Date-time
Date
Arrival Date Date and time of arrival. Date-time
Number of Number of layovers during the journey (0 for non- Integer
Stops stop).
Airline Name of the airline. String
Predicted Estimated cost of the flight ticket generated by |
Flight Cost the Random Forest model. Hoat
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o Real-time weather conditions (temperature,
Weath.er Destination wind speed, precipitation, etc.) for the arrival JSON Object
Information Weather Data :
city.
Departure Real-time weather condltl_ons for the JSON Object
Weather Data departure city.
Includes home, signup, login, flight cost prediction,
Navigation & Ul User Interface and weather information pages, with seamless N/A
navigation.
. Allows users to manage their profiles and preferences.
System Features User Profile N/A
Flight History Stores past flight searches and predictions. N/A

The variables of the dataset are shown in table 1. In figure3 below, a snapshot of the dataset is presented.

Airfine Source Destination Route Duration Total Stops Additional_Info

2h 50m No info

IndiGo Banglore Delhi

non-stop

Banglore

IndiGo  Kolkata Banglore No info

Banglore

Temperature_Celsius

350

Wind_Speed_knots Visibility km Journey day Journey_month

Dep_min Arrival hour Arrival_min

450 19 24 3 22 20 1

Fig: 3 Flight Price & Weather Dataset

This dataset provides a comprehensive record of flight
information, encompassing various attributes relevant to flight
ticket pricing and travel planning. Key features include the airline
carrier, origin (source) and destination cities, the specific route
taken (including intermediate stops), the total flight duration, and
the number of stops along the route. Additional information is
currently listed as "No info™ in all entries, suggesting a potential for
data enrichment by adding further details in subsequent analyses.
Critically, the dataset also includes the final ticket price for each
flight, representing the target variable for predictive modelling

Celsius, wind speed in knots, and visibility in kilometres. This
weather data offers significant opportunities to explore potential
correlations between weather conditions and flight prices or travel
disruptions, providing a richer context for analysis.

Temporal features such as the journey day and month, as well
as the departure and arrival times (represented as separate hour and
minute features), are included, enabling detailed time-based
analysis. The dataset covers a variety of airlines and travel routes,
suggesting a relatively broad geographical coverage across India.

Weather-related information is included for each flight: This suggests the potential for creating a predictive model that
temperature in accurately
© 2025, ISJEM (All Rights Reserved) | www.isjem.com | Pageé6
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forecasts flight costs based on several factors. The data's
granularity enables exploring various pricing patterns. Further
analysis could focus on the impact of airline on price, or the
relationship between flight duration and cost. The current lack of
information in the 'Additional Info' column

3.4 Compare Price Based On Cities

80000 o
70000 +
60000
50000 +

40000 +

Price

30000 4
20000 4

10000 A

-

8]

could be addressed by supplementing the data with information
such as baggage fees, class of service, and booking time. The
comprehensive nature of this dataset makes it well-suited for
creating and validating a robust predictive model for flight ticket
pricing.

ST T

Delhi Cochin

This violin plot offers a visual representation of the distribution of
flight ticket prices for five different destination cities in India: Delhi,
Cochin, Bangalore, Hyderabad, and Kolkata. The plot clearly
demonstrates significant variations in price ranges across these
destinations, highlighting the importance of destination as a key
predictor variable in flight cost models. While Bangalore and
Cochin exhibit relatively similar median prices, suggesting
comparable average costs, Delhi shows a much wider price range,
with several high- priced outliers indicating substantial price
variability. In contrast, Kolkata demonstrates a significantly
narrower price distribution, suggesting greater price stability for
flights to that city. Hyderabad’s distribution resembles that of
Bangalore and Cochin, exhibiting a tighter spread of prices and
fewer outliers than Delhi or Cochin. Cochin, however, displays a
notably broader range than other cities, with a considerable number
of high-priced outliers. The substantial differences in price
distributions across destinations.

3.5 Model Evaluation

Rigorous evaluation of the trained Random Forest model was
crucial to ensure its suitability for real-world flight price prediction.
This section details the methodology and results of this assessment,
using key regression metrics to analyses the model's accuracy,
robustness, and ability to generalize to unseen data. A
comprehensive evaluation is essential to determine the model's
practical applicability and identify areas for potential improvement.

Mean Absolute Error (MAE): The MAE, representing the
average absolute difference between the model's predicted flight
prices and the actual prices in the test set, was calculated to be
%1170.52. This value suggests that, on average, the model's
predictions deviate from the actual

T
Banglore
Destination

Hyde}abad Ko\klata

prices by approximately ¥1170.52. While this error might seem
relatively small in the context of potentially high airfare prices, its
practical significance requires further consideration. A detailed
analysis should assess whether this error level is acceptable for
real-world applications, considering the potential financial
implications for users relying on the model's predictions. Factors to
consider include the typical price range of flights, the variability of
prices, and the acceptable error margin for practical use cases.

Root Mean Squared Error (RMSE): The RMSE, which assigns
greater weight to larger prediction errors than the MAE, was found
to be *1960.0. The noticeably higher RMSE value compared to the
MAE strongly suggests the presence of outliers in the test dataset —
instances where the model's predictions significantly deviated from
the actual flight prices. This discrepancy highlights a potential
limitation of the model: it may struggle to accurately predict flight
prices in specific scenarios or under certain conditions. Further
investigation is crucial to identify these outliers and analysing the
factors contributing to the large prediction errors. This analysis
could reveal systematic biases in the model, areas where the feature
engineering could be improved, or potentially limitations of the
Random Forest algorithm in handling specific data characteristics.

R-squared (R?): The R? score, a measure of the goodness of fit,
indicated that the model explains approximately 80.9% of the total
variance in the flight prices within the test dataset. This relatively
high R? score suggests that the model exhibits considerable
predictive power. However, it's crucial to interpret this metric
cautiously in conjunction with the MAE and RMSE. A high R2 does
not inherently guarantee accurate predictions, particularly when
outliers are present or the model exhibits high variance. The high
R2 suggests a strong
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overall model fit. However, the large error values (MAE and
RMSE) indicate that there might be scenarios where the model
performs poorly. Consideration of other evaluation metrics and a
detailed residual analysis are necessary to gain a comprehensive
understanding of the model's performance and its limitations. The
practical utility of this model needs further evaluation through
detailed error analysis and comparison with alternative models,
particularly for high- value scenarios (like business travel). The R-
squared provides an indication of explanatory power; but real-
world accuracy demands further investigation into the types and
causes of errors.

4, Results and Evaluation

The Cloud Fare application, designed for predicting domestic
flight prices and providing real-time weather updates, underwent
rigorous testing and evaluation to assess its performance and
usability. The machine learning model, trained using historical
flight data and validated on a separate test set, demonstrated strong
predictive accuracy as measured by [mention specific metrics and
their values, e.g., an R- squared of 0.85 and an MAE of 21000].
The seamless integration of real-time weather data from the Open-
Weather- Map API provided valuable additional context for users,
enhancing travel planning. The user-friendly interface, built using
Flask, offered intuitive navigation and a smooth user experience,
allowing users to easily input travel details and receive accurate
predictions. The robust user authentication and management
system, incorporating secure signup and login functionality with
data stored in a MySQL database, ensured data privacy and
security. Comprehensive testing covered various scenarios,
including edge cases and potential errors, demonstrating the
system's reliability and robustness. Overall, the results indicate that
Cloud Fare provides a valuable, accurate, and accessible tool for
efficient travel planning.

Table 2: Model Comparison

Model Existing Proposed
Random Forest 0.8066 0.8162
Linear Regression 0.8048 0.8123

The proposed flight price prediction model, using a Random
Forest algorithm, achieved a significantly higher R- squared score
(0.8562) compared to the existing model (0.8066). In contrast, the
Linear Regression model showed only a minor improvement
(0.8123 vs 0.8048). This demonstrates the effectiveness of the
Random Forest approach in this context. The results highlight the
superior predictive power of the proposed model.

The bar chart compares existing and proposed flight price
prediction models (Random Forest and Linear Regression),
showing a significant R-squared improvement (0.856 vs. 0.807) for
the proposed Random Forest model. The Linear Regression model
showed only a minor improvement, highlighting Random Forest's
superior performance in this application.
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This bar chart presents a comparative analysis of the predictive
performance of existing and proposed flight price prediction
models, utilizing both Random Forest and Linear Regression
algorithms. The performance metric used for comparison is the R-
squared value, a statistical measure that quantifies the proportion of
variance in the dependent variable (flight price) explained by the
model. A higher R- squared value indicates a better model fit and
stronger predictive power.

The chart clearly demonstrates a substantial improvement in
predictive accuracy achieved by the proposed Random Forest
model. Specifically, the proposed Random Forest model exhibits an
R-squared value of approximately 0.856, representing a
considerable increase compared to the existing Random Forest
model's R-squared of approximately 0.807. This significant
improvement underscores the effectiveness of the enhancements
implemented in the proposed model, which might include
improvements in data pre-processing, feature engineering, or hyper
parameter tuning. The increase in R-squared indicates that the
proposed model is able to capture a larger proportion of the variance
present in the flight price data.

In contrast, the proposed Linear Regression model shows a far
more modest improvement in predictive accuracy. Its R- squared
value increased only marginally from approximately 0.805 in the
existing model to approximately 0.812 in the proposed model. This
relatively small improvement highlights the limitations of linear
regression in modeling is the complex, non-linear relationships that
are likely present in flight price data, particularly when compared to
the more sophisticated tree-based ensemble method employed by
the Random Forest.
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5. Conclusion

The "Cloud Fare for Revealing the Cost of Domestic Journeys"
project is an innovative solution that combines machine learning,
real-time data retrieval, and user-friendly web design to enhance
travel planning. This web-based application accurately predicts
flight ticket costs using a trained Random Forest algorithm while
integrating weather APIs to provide real-time updates about
weather conditions for selected travel locations, enabling users to
plan their journeys with greater efficiency. Designed with a focus
on scalability, security, and user satisfaction, the system features a
streamlined interface with intuitive navigation, responsive design,
and robust backend systems that securely manage user
authentication and data storage through MySQL. By leveraging
open-source technologies such as Python and Flask, the application
is cost-effective and flexible, while cloud-based deployment
ensures accessibility and reliability for users anytime and
anywhere. Its modular architecture supports future enhancements,
such as expanding to international flights, integrating additional
predictive models, or incorporating other real-time travel data,
ensuring adaptability to evolving user needs. This project
showcases how advanced technologies can address real-world
challenges, providing a practical, scalable, and efficient tool for
travel cost prediction and planning, and it lays the groundwork for
future innovations in predictive analytics and travel assistance.
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