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Abstract: Delays in public transit have a substantial
impact on urban mobility, resulting in passenger
annoyance and decreased system reliability. The
majority of current delay estimate techniques rely on
set timetables and past averages, which are unable to
adjust to changing traffic circumstances. In order to
successfully understand delay patterns, this research
suggests a  machine  learning-based  public
transportation delay prediction system that makes use
of historical and traffic-related data. For precise delay
prediction, a Random Forest model is trained using
the preprocessed data. Users can enter travel-related
data and get information about anticipated delays as
well as explanations. The suggested approach
increases forecast accuracy, facilitates better trip
planning, and raises the general effectiveness and
dependability of public transportation systems by

adjusting to shifting traffic patterns.

Index terms - — Public Transport, Delay Prediction,
Machine Learning, Traffic Data, Random Forest,
Travel Time Estimation
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1. INTRODUCTION

Public transportation systems are essential for
efficient urban mobility, offering cost-effective and
environmentally friendly travel options while
reducing traffic congestion and fuel consumption.
Rapid urbanization and increasing population density
have significantly increased the demand for reliable
public transport services. However, one of the major
challenges faced by these systems is the occurrence
of unpredictable delays caused by traffic congestion,
peak-hour demand, road conditions, weather
variations, and operational inefficiencies. These
delays negatively impact passenger satisfaction,
increase travel uncertainty, and reduce the overall
efficiency of transportation networks.Traditional
public transport systems primarily rely on fixed
schedules and historical averages to estimate arrival
and departure times. While these approaches are
simple to implement, they fail to adapt to dynamic
real-time conditions such as sudden traffic
congestion, accidents, or route changes. As a result,
the delay information provided to passengers is often

inaccurate and unreliable. With the advancement of
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technologies such as GPS tracking, 10T devices, and
smart city infrastructure, large volumes of real-time
and historical transport data are now available. This
creates an opportunity to apply data-driven
techniques for more accurate and intelligent delay

prediction.

Machine Learning (ML) has emerged as a powerful
tool for analyzing complex and high-dimensional
datasets. It can capture non-linear relationships
between various factors such as speed, travel time,
traffic density, route information, and temporal
attributes. In this project, a Random Forest algorithm
is used due to its ability to handle large datasets,
reduce overfitting, and provide high prediction
accuracy. The model is trained using preprocessed
transport and traffic data to learn delay patterns
effectively. Feature engineering techniques such as
extraction of time-based attributes (hour and minute)

further enhance the model’s predictive capability.

In addition to prediction accuracy, interpretability is
an important aspect of modern intelligent systems.
Therefore, this project integrates Explainable
Artificial Intelligence (XAl) techniques using SHAP
(SHapley  Additive exPlanations) to provide
transparency in model predictions. SHAP values help
identify the contribution of each feature, such as
speed or travel time, in determining the predicted
delay. This improves user trust and allows passengers
as well as transport authorities to understand the

reasons behind delays.

The proposed system is implemented as a web-based
application that includes modules for data
administration, model training, and prediction. Users
can input travel-related parameters and receive delay

predictions along with explanatory insights. By
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combining machine learning with real-time data
analysis and explainability, the system enhances
travel planning, reduces uncertainty, and improves
the reliability and efficiency of public transportation

services.

2. LITERATURE SURVEY

a) Real-Time Transit Delay Prediction Using Gps
Data:

By examining both historical and current transit data
gathered from metropolitan transportation systems,
this study aims to forecast transit delays. The authors
stress how crucial it is to manage massive
transportation information and identify intricate delay
patterns using machine learning approaches. The
article examines many predictive models and
emphasizes how ensemble learning techniques might
increase prediction accuracy. The suggested approach
offers accurate delay forecasts and constantly adjusts
to shifting traffic circumstances. The findings show
that data-driven prediction models greatly outperform
conventional schedule-based systems and contribute
to increased operational effectiveness and passenger

satisfaction.

b) MACHINE LEARNING FOR URBAN
TRAFFIC ANALYTICS:

An extensive examination of machine learning
applications in urban traffic analytics is presented in
this research. The authors look into a number of
traffic-related issues, including delay prediction, trip
time estimation, and congestion detection. Supervised
learning techniques are used to preprocess and
analyze large amounts of traffic data. The study
demonstrates how non-linear correlations between
traffic characteristics and delays may be found using

machine learning algorithms.  According to
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experimental ~ findings,  sophisticated  models
outperform conventional statistical techniques in
terms of accuracy and resilience. The study comes to
the  conclusion that developing intelligent

transportation systems requires machine learning.

C) PUBLIC TRANSPORT DELAY
FORECASTING USING RANDOM FOREST:

A Random Forest-based method for predicting delays
in public transportation systems is proposed in this
article. To train the model and examine delay
behavior, the authors use past transportation and
traffic-related data. Through ensemble learning, the
Random Forest method minimizes overfitting and
efficiently manages high-dimensional data. The study
shows that, in a variety of traffic scenarios, the
suggested model achieves good forecast accuracy.
The findings demonstrate that Random Forest's
stability, resilience, and capacity to handle
complicated datasets make it an excellent choice for

delay prediction problems.

d) SMART CITY TRANSPORT SYSTEMS
USING Al

The incorporation of artificial intelligence into smart
city transportation systems is examined in this
research. The authors go into how Al-driven models
might enhance delay prediction, public transportation
dependability, and traffic management. The report
emphasizes how data analytics may be used to
improve transportation operations and lessen traffic.
The usefulness of intelligent systems in urban
settings is illustrated by looking at a number of case
examples. The study highlights how Al might
improve decision-making procedures and raise the
general effectiveness of public transportation

systems.
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e) TRAFFIC CONGESTION ANALYSIS USING
GPS TRAJECTORIES:

This study uses extensive trajectory data gathered
from metropolitan transport networks to investigate
patterns of traffic congestion. To find congestion
hotspots and comprehend traffic behavior, the authors
use data mining and machine learning approaches.
The study demonstrates how road network
performance may be understood and trip delays can
be estimated using trajectory-based analysis. The
experiment's  findings show that data-driven
congestion analysis increases the precision of traffic
forecasts. The results are in favor of using
sophisticated  analytics  for  efficient traffic

management and monitoring.

3. METHODOLOGY

i) Proposed Work:

By efficiently leveraging historical and traffic-related
data, the suggested approach presents an intelligent
machine learning-based framework for forecasting
delays in public transportation. The system
continually learns delay patterns from real-world data
gathered from GPS records, traffic conditions, and
temporal elements like peak and off-peak hours, in
contrast to conventional schedule-based techniques.
To guarantee excellent data quality, the gathered data
is preprocessed using feature encoding, cleaning, and
normalization. The processed information is used to
train a Random Forest machine learning model,
which enables precise and reliable delay prediction
by capturing intricate and non-linear correlations

between traffic factors and delay occurrences.

Users engage with the system during the operating

phase by entering trip-related input parameters, such
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as route information, journey time, and traffic
conditions. After analyzing these inputs, the trained
model produces anticipated delay values and
explanatory insights that emphasize the main
variables affecting the forecast. Transparency and
user confidence in the system are enhanced by this
explanation feature. The suggested method improves
trip planning, lowers passenger uncertainty, and
raises the general dependability and effectiveness of
public transportation systems by adjusting to shifting

traffic patterns and learning from past trends.

ii) System Architecture:

The suggested system architecture is a web-based
intelligent framework that combines prediction,
machine learning, and data management modules into
a single workflow. A Front-End Web System, which
acts as the primary layer of user interface, is where
the architecture starts. Authorized administrators may
safely log in, upload datasets pertaining to traffic and
public transportation, and examine registered user
information using the Data Administration module.
To ensure restricted access and data integrity, these
datasets are saved and sent to the Machine Learning
Model module. While preserving system security and
scalability, this modular architecture makes dataset

maintenance easier.

Preprocessing the provided data and utilizing the
Random Forest technique to create the prediction
model are the responsibilities of the Traffic Analytics
module. The Prediction Engine allows registered
users to log in and add real-time or test trip data once
the trained model has been preprocessed. In order to
forecast transportation delays and produce
explanations that emphasize significant variables like
traffic density and trip duration, the system runs the

input through the trained model. This end-to-end
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design guarantees smooth data flow from data intake
to prediction, facilitates real-time decision-making,
and improves the public transportation delay
prediction system's transparency, dependability, and

usability.

Login/Manage

8=

Front-End Preprocess
Web System Data
—
Build Model
(Random Forest)

Machine Learning
Model

»
—
Register
Login Logout

Predict Delay & e
Get Explanation Pr::;':zn

Figl proposed architecture

Prediction
Engine

iii) Modules:

a) Data Administration Module

This module manages system access and dataset
handling. It allows authorized administrators to log in
securely, upload public transport and traffic-related
datasets, and view registered user information. It
ensures data integrity, controlled access, and proper

management of system resources.

b) Traffic Analytics Module

This module is responsible for data preprocessing and
model development. It performs operations such as
cleaning missing values, feature encoding, and
normalization before training the Random Forest

machine learning model. The trained model learns
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delay patterns from historical and traffic data and is

prepared for prediction tasks.

c) Machine Learning Model Module

This module acts as the core analytical component of
the system. It stores the trained Random Forest model
and handles model evaluation and validation. The

module ensures accurate and reliable delay prediction
by analyzing learned patterns and updating the model

when new data is available.

d) Prediction Engine Module

This module enables end users to interact with the
system for delay prediction. Users can register, log
in, and enter travel-related input data. The system
processes the input through the trained model to
predict delays and provide explanations, helping
users understand the influencing factors behind the

prediction.

iv) Algorithms:

a. Random Forest Algorithm

Random Forest is the primary machine learning
algorithm used in the proposed system for public
transport delay prediction. It is an ensemble learning
technique that constructs multiple decision trees
using different subsets of training data and features,
and combines their outputs to produce accurate
predictions. This approach reduces overfitting and
improves generalization performance. In this system,
the Random Forest model is trained using historical
public transport and traffic-related data to learn
complex and non-linear delay patterns. During
prediction, the algorithm analyzes input parameters

such as traffic density, route information, and time of
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travel to estimate delays reliably and provide robust

prediction results.

4. EXPERIMENTAL RESULTS

Real-world traffic and public transportation datasets
supplied via the Data Administration module were
used for the experimental assessment of the
suggested public transportation delay prediction
system. The screenshots show how to successfully
upload datasets in CSV format, perform
preprocessing, and integrate models into the web-
based framework. In order to properly learn delay
patterns, the Random Forest model was trained using
historical transit records and traffic-related variables.
The system interface verifies seamless module
interactions, such as administrator login, dataset
administration, and user registration, confirming the

functional behavior of the established design.

The trained model produced delay estimates together
with explanatory insights when users entered travel-
related input variables through the Prediction Engine
during testing. The findings demonstrate that by
taking temporal and traffic variables into account, the
algorithm generates accurate and consistent delay
estimations. The suggested solution showed better
prediction reliability and user transparency when
compared to conventional static schedule-based
methods. The machine learning-based approach's
efficacy in improving public transportation delay
prediction and assisting with well-informed trip
planning is validated by the successful completion of

all modules and precise prediction outputs.

Accuracy: A test's accuracy is its capacity to
distinguish healthy from ill cases. Find the percentage
of instances with genuine positives and negatives to

assess test accuracy.

Vol. 22, No. 2(2), 2026 727


http://www.ijerst./

-t

JERS

Int. J. Engg. Res. & Sci. & Tech. 2026 “«-) International Journal of Engneering Research and Science & Technology

Accuracy = TP + TN /(TP + TN + FP + FN)

(TN + TP)

Accuracy = T

Precision: Classification accuracy or positive cases

constitute precision. The formula for accuracy is:

Precision = True positives/ (True positives + False
positives) = TP/(TP + FP)

TP

Pre cision = m

Recall: A model's recall measures its ability to
recognize all appropriate machine learning class
instances. The ratio of accurately predicted positive
observations to total positives indicates a model's
class instance detection skill.

TP

Recall = m

MAP: Mean Average Precision ranks quality. It
considers the number and order of relevant ideas.
Calculating MAP at K uses the arithmetic mean of

each user or query's Average Precision (AP).

k=n

1
mAP = —z AP,
n
k=1

AP, = the AP_of class k
n = the number of classes

F1-Score: A high F1 score suggests an accurate
machine learning model. Integrating recall and
precision improves model correctness. Accuracy
measures how often a model predicts a dataset
correctly.
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Pl (Recall - Precision)
" 7 (Recall + Pre cision)
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Figure 1 illustrates the Home Page of the System

This figure shows the home page of the Public
Transport Delay Prediction web application. It
presents the project title and highlights the objective
of predicting public transport delays using live GPS
and traffic data. The navigation bar provides access to
different modules such as Data Administration,
Traffic Analytics Model, and Prediction Engine,
enabling smooth user interaction.
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ABOUT US

Driven Pub

Figure 2 illustrates the About Us Page

This figure describes the purpose and functionality of
the proposed system. It explains how historical
transport records and traffic data are analyzed using
machine learning techniques, particularly the Random
Forest model, to predict delays accurately. The page
emphasizes the system’s role in improving decision-
making for passengers and transport authorities.
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Figure 3 illustrates the Modules Overview Page

This figure displays the major functional modules of
the system, namely Data Administration, Traffic
Analytics Model, and Prediction Engine. Each module
is visually represented with a brief description,
providing users with an overall understanding of the
system architecture and workflow.
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ADMINISTRATOR LOGIN

Figure 4 illustrates the Administrator Login
Interface

This figure shows the secure login page for the
administrator. Authorized administrators can access
the system using valid credentials to manage datasets
and registered users. This module ensures secure
access control and system integrity.

This figure explains the responsibilities of the Data
Administration module. It highlights the
administrator’s role in uploading transport and traffic-
related datasets, verifying data correctness, managing
users, and securely logging out after completing
administrative tasks.

Figure 6 illustrates the Dataset Upload Interface

This figure shows the dataset upload functionality of
the system. The administrator can upload CSV files
containing public transport and traffic data. This
interface ensures that only valid datasets are accepted
for further processing.

P YT ————

@ Upload Dataset
—
i Dataset Preview (First 10 Rows)
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- - wee B s 0o

ABOUT ADMIN

Figure 5 illustrates the About Admin Page
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Figure 7 illustrates the Dataset Upload
Confirmation and Preview

This figure displays a successful dataset upload
message along with a preview of the first few rows of
the uploaded dataset. It allows administrators to verify

the correctness and structure of the data before it is
used for preprocessing and model training.
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VIEW REGISTERED USERS

2 Registered Users

Figure 8 illustrates the View Registered Users Page

This figure shows the list of registered users in the
system along with details such as user 1D, username,
and email address. It enables administrators to
monitor system usage and manage user accounts
effectively.

L ——

MODEL BUILDER LOGIN

Figure 9 illustrates the Model Builder Login
Interface

This figure represents the login page for the Traffic
Analytics or Model Builder role. Authorized users can
log in to preprocess data and build the machine
learning model. This separation of roles improves
system security and modularity.

This figure explains the Traffic Analytics Model
module, where data preprocessing steps such as
cleaning missing values, encoding features, and
normalization are performed. After preprocessing, the
Random Forest machine learning model is trained
using historical and traffic data. This trained model
forms the core of the system’s delay prediction
capability.

DY —

2 Public Transport Delay Prediction = = 5 ‘=

PREPROCESS DATA

%% GTFS Dataset Preprocessing
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Figure 11 illustrates the Data Preprocessing
Interface

This figure shows the preprocessing module of the
Traffic Analytics Model. It confirms successful
loading of the preprocessed GTFS dataset and
displays summary statistics such as total number of
records and number of columns. This step ensures that
raw transport data is cleaned, structured, and ready for
model training.

P ——

Dotaset Colomns

Preprocessed Data Previews (First 10 Rows)

ABOUT TRAFFIC ANALYTICS
MODEL

Figure 10 illustrates the Traffic Analytics Model
Page
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Figure 12 illustrates the Preprocessed Dataset
Preview

This figure presents a preview of the first few rows of
the preprocessed dataset along with selected feature
columns such as stop IDs, trip ID, speed, congestion

degree, hour, and minute. It allows verification of data

correctness after preprocessing and feature
engineering.
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Figure 13 illustrates the Model Building Interface

This figure shows the Random Forest model training
page. After preprocessing, the model is built using the
prepared dataset, and a successful model loading
message is displayed. The interface also highlights the
achieved model accuracy, confirming effective
learning of delay patterns.

il Classification Report

1 Confosion Matrix

Figure 14 illustrates the Classification Report and
Confusion Matrix

This figure presents the evaluation results of the
trained Random Forest model. It includes precision,
recall, F1-score, and support values for each class,
along with a confusion matrix visualization. These
metrics demonstrate the reliability and classification
performance of the proposed delay prediction model.
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Figure 15 illustrates Feature Importance Analysis

This figure displays the top important features
identified by the Random Forest model. Features such
as speed, travel time, stop IDs, number of trips, and
temporal attributes contribute significantly to
prediction decisions. This analysis improves
interpretability and validates the relevance of selected
features.

| @ e et Doy i % |

User Registration

USER REGISTRATION

Figure 16 illustrates the User Registration Page

This figure shows the user registration interface,
where new users can create an account by providing
basic details such as username, email, and password.
This module enables secure access for end users who

wish to predict public transport delays.

USER LOGIN

Figure 17 illustrates the User Login Interface
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This figure represents the login page for registered

users. After authentication, users gain access to the

prediction module, ensuring secure and controlled
system usage.

ABOUT USER

Figure 18 illustrates the About User Page

This figure explains the functionality available to end
users. It describes how users can input travel data,
obtain delay predictions, and receive explanations for
the predicted results, thereby improving transparency
and user understanding.

£ Public Transport Delay Prediction Userbome G Tet D Logo

ENTER TEST DATA AND GET
PREDICTION AND ALSO GET
EXPLANATION

# Enter Trip Details

Figure 19 illustrates the Test Data Input Interface

This figure shows the interface where users enter test
or real-time trip details such as stop IDs, trip ID,
speed, and time parameters. These inputs are
forwarded to the trained model for delay prediction.
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£ Prediction Result
Degree of Congestion: Smooth

Featore Contributions (SHAP)

Figure 20 illustrates the Prediction Result with
Explanation

This figure presents the final prediction output,
displaying the predicted degree of congestion or delay
status. Additionally, SHAP-based feature contribution

values are shown, explaining how each feature

influenced the prediction. This enhances trust and
interpretability of the machine learning model.

& Enter Trip Details

|

Figure 21 illustrates the User Input Interface for
Explanation

This figure shows the explanation module where users
enter trip-related details such as stop IDs, arrival time,
travel time, speed, and number of trips. After
submitting the inputs, the system confirms successful
prediction initiation. This interface serves as the entry
point for generating delay predictions along with
explanations.

Vol. 22, No. 2(2), 2026 732


http://www.ijerst./

JERST

Int. J. Engg. Res. & Sci. & Tech. 2026 1

International Journal of Engineering Research and Science & Technology

Feature Contributions (SHAP)

Figure 22 illustrates Heavy Congestion Prediction
with SHAP Explanation

This figure presents a prediction result indicating
heavy congestion for the given trip inputs. The
SHAP-based feature contribution table shows that
vehicle speed contributes the most (77%) to the
prediction, followed by travel time (19%). This result
demonstrates how low speed and increased travel time
strongly influence congestion prediction.

oo

EXPLANATION B

# Enter Trip Details

Frocict Congestion

Figure 23 illustrates Another Test Case Input
Scenario

This figure displays a different set of trip inputs
entered by the user, including higher speed and
different route parameters. It demonstrates the
system’s ability to handle multiple test cases
dynamically and generate predictions for varying
traffic conditions.

1 Prediction Resolt

Feature Contributions (SHAP)
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Figure 24 illustrates Mild Congestion Prediction
with Feature Contributions

This figure shows a mild congestion prediction
outcome. The SHAP explanation indicates that the
number of trips and destination stop 1D have
significant influence, while temporal features such as
hour and time have moderate impact. This confirms
that congestion levels vary based on route load and
time-related factors.

# Enter Trip Detats

E=E -]
Figure 25 illustrates a New Test Input with
Updated Parameters

This figure presents another test input scenario with
higher speed and increased number of trips. It
highlights how the system accepts real-time-like
inputs and processes them consistently through the
trained Random Forest model.

Feature Contribotions (SHAP)

Figure 26 illustrates Very Smooth Traffic
Prediction with Explanation

This figure shows a prediction result indicating very
smooth traffic conditions. The SHAP feature
contributions reveal that travel time (38%) and speed
(35%) are the dominant factors leading to this
outcome. Minimal contribution from route and
temporal features indicates free-flow traffic
conditions.
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5. CONCLUSION

In order to overcome the shortcomings of
conventional schedule-based methods, this study
introduced a machine learning-based public
transportation delay prediction system that efficiently
makes use of past transportation records and traffic-
related data. The system precisely learns delay
patterns under various traffic situations by combining
feature engineering, data preprocessing, and a
Random Forest model inside a web-based platform.
The experimental findings show consistent system
execution across all functional units and dependable

prediction performance.

Additionally, by identifying important variables
impacting delay forecasts, such as speed, trip
duration, and route features, explainable Al
employing SHAP promotes transparency. Both
passengers and transportation authorities may make
well-informed decisions because to this explanation
capacity, which also increases user confidence. All
things considered, the suggested approach enhances
trip planning, lowers uncertainty, and advances the
creation of intelligent and dependable public

transportation systems.

6. FUTURE SCOPE

The proposed public transport delay prediction
system can be further enhanced by integrating
additional real-time data sources such as weather
conditions, road construction updates, accidents, and
live traffic feeds. Incorporating these factors will
improve the model’s ability to handle dynamic and
unforeseen situations, thereby increasing prediction
accuracy. The system can also be extended by
exploring advanced deep learning models such as

LSTM, CNN, or hybrid approaches to better capture
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temporal and spatial dependencies in transportation
data.

In addition, the system can be deployed as a mobile
application or integrated into existing smart city
platforms to provide real-time delay notifications to
passengers. Future improvements may include multi-
city scalability, integration with GPS-enabled loT
devices for live tracking, and continuous model
updating using streaming data. Enhancing the
explainable Al component with visual dashboards
and user-friendly insights can further improve
usability. Overall, these advancements will make the
system more robust, scalable, and suitable for real-

world intelligent transportation systems.
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