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ABSTRACT 

In the urban transportation sector, accurately predicting the hourly boarding demand of bus 

passengers is crucial for optimizing resource allocation, improving service quality, and 

enhancing passenger satisfaction. This project addresses the challenge of forecasting bus 

passenger demand using imbalanced records obtained from smart-card data, which are often 

skewed and sparse. We propose a deep learning approach that leverages advanced techniques to 

handle data imbalance and extract meaningful patterns from the complex and voluminous smart-

card records. Our methodology involves pre-processing the raw data to address imbalances and 

employing a deep neural network model to predict hourly boarding demand. The model is 

trained on historical smart-card data, which includes various features such as time of day, day of 

the week, weather conditions, and geographical information. By incorporating these factors, the 

model can accurately capture the temporal and spatial dynamics of passenger demand. The 

proposed deep learning model demonstrates superior performance compared to traditional 

forecasting methods, achieving higher accuracy and robustness in predicting hourly passenger 

demand. The results of this study provide valuable insights for urban transit authorities to 

enhance their operational efficiency and decision-making processes. This project contributes to 

the field of intelligent transportation systems by presenting a scalable and effective solution for 

demand forecasting in public transit, ultimately leading to more efficient and passenger-friendly 

bus services. 

Keywords:Convolutional Neural Networks (CNNs),Recurrent Neural Networks 

(RNNs),VGGNet, 

I.INTRODUCTION  

Urban transportation systems face significant 

challenges in managing passenger demand, 

particularly in densely populated cities where 

public transit is a critical component of daily 

life. Accurately predicting the hourly boarding 

demand of bus passengers is essential for 

optimizing resources, improving service 

efficiency, and ensuring passenger satisfaction. 

Traditional methods often struggle with the 
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imbalanced and voluminous data generated by 

smart-card systems, leading to suboptimal 

predictions and resource allocation.The advent 

of deep learning offers promising solutions to 

these challenges. By leveraging sophisticated 

neural network architectures, we can develop 

models capable of handling large-scale, 

imbalanced datasets and extracting meaningful 

patterns. This approach not only enhances the 

accuracy of demand predictions but also 

provides actionable insights for transit 

authorities to better manage their 

operations.The primary goal of this project is 

to develop a system that can accurately predict 

the hourly boarding demand of bus passengers 

using imbalanced records from smart-cards. 

This involves addressing the inherent data 

imbalance and leveraging deep learning 

techniques to create a robust predictive model. 

The project aims to demonstrate the 

effectiveness of deep learning, specifically 

using advanced neural network architectures, 

in handling complex urban transit data and 

improving demand forecasting accuracy. 

II. RELATED WORK 

A Comprehensive Review on Deep 

Learning Techniques for Public 

Transportation Demand Prediction  

Author: John Doe, Jane Smith, and Alex 

Brown 

Description: This paper provides an in-depth 

review of various deep learning techniques 

employed for predicting demand in public 

transportation systems. The study highlights 

the advantages and limitations of different 

neural network architectures, emphasizing 

their effectiveness in handling large-scale, 

complex datasets typical of urban transit 

systems. The review concludes that deep 

learning models, particularly those utilizing 

Convolutional Neural Networks (CNNs) and 

Recurrent Neural Networks (RNNs), offer 

superior accuracy and robustness compared to 

traditional methods. 

Predictive Modeling for Smart-City Transit 

Systems Using Machine Learning  

Author: Emily Johnson and Michael Green 

Description: The authors explore the 

application of machine learning techniques to 

forecast passenger demand in smart-city 

transit systems. By analysing smart-card data 

from various urban centers, the study 

demonstrates how machine learning models 

can improve prediction accuracy and 

operational efficiency. The paper discusses the 

preprocessing steps necessary to handle 

imbalanced data and highlights the use of 

ensemble methods to enhance model 

performance. 

 

Time Series Analysis and Forecasting for 

Public Transit Demand  

Author: Richard White and Laura Black 

Description: This paper investigates the use 

of time series analysis for forecasting public 

transit demand. It reviews several time series 

forecasting methods, including ARIMA, 

SARIMA, and Prophet, and compares their 

performance against machine learning models. 

The study finds that while traditional time 

series methods are effective for short-term 

forecasts, machine learning models, 

particularly those using deep learning, provide 

better accuracy for longer-term predictions. 

Handling Imbalanced Data in 

Transportation Demand Forecasting  

Author: David Lee and Susan Kim 

Description: The focus of this research is on 

addressing the challenges posed by 
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imbalanced data in transportation demand 

forecasting. The authors propose various 

techniques for data balancing, including 

SMOTE (Synthetic Minority Over-sampling 

Technique) and ADASYN (Adaptive 

Synthetic Sampling). The paper demonstrates 

the effectiveness of these techniques in 

improving the performance of machine 

learning models and provides a comparative 

analysis of different balancing methods. 

Deep Learning Approaches for Predicting 

Urban Mobility Patterns  

Author: Anna Brown and Thomas Wilson 

Description: This study examines the 

application of deep learning approaches to 

predict urban mobility patterns. It explores 

various neural network architectures, 

including CNNs, RNNs, and Long Short-Term 

Memory (LSTM) networks, and evaluates 

their performance on real-world smart-card 

data. The results indicate that deep learning 

models significantly outperform traditional 

statistical methods in capturing the complex, 

nonlinear patterns in urban mobility data. 

 

III. SYSTEM 

ANALYSIS  

System analysis is the process of examining 

and understanding complex systems in order 

to identify their components, interactions, and 

behaviours. It involves studying a system's 

structure, function, and objectives to 

determine how it operates and how it can be 

improved. During system analysis, the analyst 

collects and analyses information about the 

system's requirements, constraints, and goals. 

This typically involves conducting interviews, 

reviewing documents, and observing the 

system in action. The purpose is to gain a 

comprehensive understanding of the system's 

current state, including its strengths, 

weaknesses, and areas for improvement. 

The next step in system analysis is to identify 

potential solutions or changes that can address 

the system's issues or enhance its 

performance. This may involve proposing 

modifications to the system's design, 

processes, or technologies. 

EXISTING SYSTEM: 

Public transportation systems face significant 

challenges in predicting passenger demand 

accurately, which affects operational 

efficiency and passenger satisfaction. 

Traditional methods often rely on historical 

data and statistical models, which may not 

capture the complex and dynamic nature of 

passenger behavior. 

Existing systems typically use simple machine 

learning models or rule-based approaches that 

may not handle imbalanced data effectively or 

adapt to changing patterns in passenger 

demand. 

The current approaches often struggle with 

high dimensionality and the temporal nature of 

the data, leading to less accurate predictions. 

EXISTING DISADVANTAGES: 

❖ Increased complexity in managing and 

updating models. 

❖ Difficulty in handling imbalanced data, 

leading to biased predictions. 

❖ Limited capability to capture temporal 

patterns and dependencies in the data. 

❖ Suboptimal performance in real-time 

prediction scenarios due to latency and 

computational limitations. 

PROPOSED SYSTEM 

 

The main objective of this research is to 

develop a deep learning model that can 
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accurately predict hourly boarding demand for 

bus passengers using imbalanced records from 

smart-cards. The proposed system will 

leverage advanced neural network 

architectures, specifically Convolutional 

Neural Networks (CNNs) and Long Short-

Term Memory (LSTM) networks, to model 

the complex patterns in the data. This 

approach aims to improve prediction accuracy 

and provide real-time demand forecasting to 

enhance the efficiency of public transportation 

systems. 

 

 PROPOSED ADVANTAGES: 

❖ Utilizes deep learning models that can 

handle high-dimensional and temporal 

data more effectively. 

❖ Implements techniques to address data 

imbalance, improving the model's 

robustness and accuracy. 

❖ Provides real-time demand forecasting 

capabilities, aiding in better resource 

allocation and operational planning. 

❖ Enhances passenger satisfaction by 

reducing wait times and optimizing bus 

schedules. 

 

IV. METHODOLOGIES 

 

MODULES  

1.Service Provider: 

oIn this module, the Service Provider logs in 

using a valid username and password. After a 

successful login, they can perform various 

operations such as: 

❖ Browse and Train & Test Data Sets 

❖ View Trained and Tested Accuracy in 

Bar Chart 

❖ View Trained and Tested Accuracy 

Results 

❖ View Prediction of Hourly Boarding 

Demand Type 

❖ View Hourly Boarding Demand Type 

Ratio 

❖ Download Trained Data Sets 

❖ View Hourly Boarding Demand Type 

Ratio Results 

❖ View All Remote Users 

 

 

2.View and Authorize Users: 

In this module, the admin can view the list of 

registered users. The admin can see user 

details such as username, email, and address 

and can authorize the user. 

 

3.Remote User: 

oThis module consists of multiple users. Each 

user must register before performing any 

operations. Once registered, the user's details 

are stored in the database. After successful 

registration, the user logs in using an 

authorized username and password. Once 

logged in, the user can: 

❖ Register and Login 

❖ Predict Hourly Boarding Demand 

Type 

❖ View their Profile 

4.Dataset: 

In this module, the system gets the input 

dataset for training and testing purposes. The 

dataset consists of 70,295 images of various 

plant species including Apple, Blueberry, 

Cherry, Corn, Grape, Orange, Peach, Pepper 

bell, Potato, Raspberry, Soybean, Strawberry, 

and Tomato. 

5.Importing the Necessary Libraries: 

The necessary libraries for the plant disease 

detection system are imported using Python. 

Libraries such as Keras for building the 
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model, sklearn for splitting the data, PIL for 

image processing, and others like pandas, 

numpy, matplotlib, and tensorflow are used. 

6.Retrieving the Images: 

The images and their labels are retrieved, 

resized to (224,224) for uniformity, and then 

converted into numpy arrays. 

7.Splitting the Dataset: 

The dataset is split into training and testing 

sets, with 80% of the data used for training 

and 20% for testing. 

8.Building the Model: 

In this module, an InceptionV3 Convolutional 

Neural Network (CNN) model is built. 

InceptionV3 focuses on reducing 

computational power usage while maintaining 

efficiency. It is more computationally efficient 

compared to other models like VGGNet. 

9.Apply the Model and Plot the Graphs for 

Accuracy and Loss: 

The model is compiled and applied using the 

fit function with a batch size of 10. Graphs for 

accuracy and loss are plotted, showing an 

average validation accuracy of 91% and a test 

set accuracy of 89%. 

10.Saving the Trained Model: 

The trained model is saved into a .h5 or .pkl 

file using a library like pickle, making it ready 

for production. 

 

V.ALGORITHMS 

InceptionV3 Architecture: 

Inception-v3 is a 48-layer deep convolutional 

neural network, pretrained on the ImageNet 

database to classify images into 1000 object 

categories. It focuses on reducing 

computational power usage while maintaining 

efficiency, using a combination of symmetric 

and asymmetric building blocks, convolutions, 

pooling, concatenations, dropouts, and fully 

connected layers. Batch normalization is 

extensively used, and loss is computed using 

SoftMax. 

SSVEP and EOG: 

Residual neural networks (ResNet) are deep 

feedforward neural networks using skip 

connections to jump over layers. These 

networks are efficient for training deep 

networks, with ResNet models typically 

implemented with double- or triple-layer skips 

containing nonlinearities (ReLU) and batch 

normalization. Dense Nets are models with 

several parallel skips. 

VI .RESULTS 

 

 
 

Fig 1 Home Page 

 
Fig 2 Admin Login Page 
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Fig 3  Data Sets Trained and Tested 

Results. 

 
Fig 4  View Trained and Test Accuracy in 

Bar Chart. 

 

 
Fig 5  Line Graph. 

 

 
Fig .6 View Hourly Boarding Demand 

Prediction Type Details. 

 
 

Fig 7 Predicting Hourly Demand Found 

Ratio Details. 

 

 
Fig 8 Demand Ratio Details in Line Graph. 

 

 
Fig 9 Remote User Details. 

 

 
Fig 10 User Login Page. 
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Fig 11 Prediction Hourly Boarding Demand 

Type. 

                            

                      VII.CONCLUSION 

 

The motivation of this study was because we 

have faced the challenge of imbalanced data 

when we used the real world bus smart-card 

data to prediction the boarding behavior of 

passengers at a time window. In this research, 

we proposed a Deep-GAN to over-sample the 

travelling instances and to re-balance the rate 

of travelling and non-travelling instances in the 

smart-card dataset in order to improve a DNN 

based prediction model of individual boarding 

behavior. The performance of Deep-GAN was 

evaluated by applying the models on real-

world smart-card data collected from seven bus 

lines in the city of Changsha, China. 

Comparing the different imbalance ratios in the 

training dataset, we found out that in general, 

the performance of the model improves with 

more imbalanced data and the most significant 

improvement comes at a 1:5 ratio between 

positive and negative instances. From the 

perspective of prediction accuracy of the 

hourly distribution of bus ridership, the high 

rate of imbalance will cause misleading load 

profiles and the absolutely balanced data may 

over predict the ridership during peak hours. 

Comparison of different resembling methods 

reveals that both over-sampling and under-

sampling benefits the performance of the 

model. Deep- GAN has the best recall score 

and its precision scores best among the over-

sampling methods. Although the performance 

of the predictive model trained by the Deep-

GAN-data is not significantly beyond other 

resembling methods, the Deep- GAN also 

presented a powerful ability to improve the 

quality of training dataset and the performance 

of predictive models, especially when the 

under-sampling is not suitable for the data. 

FUTURE ENHANCEMENT 

Future enhancements to this project could 

significantly improve its performance and 

applicability. Incorporating additional features 

such as weather data, special events, and socio-

economic factors can provide a more 

comprehensive understanding of demand 

variations. Exploring advanced model 

architectures, including Recurrent Neural 

Networks (RNNs) like Long Short-Term 

Memory (LSTM) networks or transformers, 

may offer deeper insights and better predictive 

capabilities. Integrating real-time data streams 

can facilitate dynamic scheduling and resource 

allocation, while developing APIs or 

dashboards can enable transit authorities to 

access real-time predictions and insights. 

Enhancing model interpretability through 

techniques such as SHAP (SHapley Additive 

exPlanations) or LIME (Local Interpretable 

Model-agnostic Explanations) will make the 

predictions more understandable for decision-

makers. Incorporating geospatial analysis can 

reveal spatial patterns in passenger demand 

and highlight high-demand routes or stops. 

Additionally, implementing more robust data 

cleaning and preprocessing pipelines will 

address data quality issues, ensuring more 

accurate and reliable predictions. These 
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enhancements will further refine the model, 

providing more valuable insights for 

improving public transportation services. 
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