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Introduction




Project Overview

This project aims to predict bus arrival times
using spatio-temporal data from NYC MTA
buses, enhancing public transportation
reliability and user satisfaction by reducing

wait times and improving schedule adherence.

IE




Scope of the Project

e Predicting bus arrival times depends on spatial and temporal
patterns among stops and transport networks.

e Using state-of-the-art spatio-temporal forecast algorithms improves
prediction accuracy.

e The projectintegrates these algorithms to provide real-time, precise
bus arrival information.

e A comparative study will identify the most effective algorithm.
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Dataset
Selection




Dataset

NYC MTA

We used the NYC MTA buses data stream
service, which provides bus location, route, and
stop data at 10-minute intervals, along with
scheduled arrival times for accurate prediction
and analysis.

Why not local data

Because of the limitations of not having enough bus data with multiple routes and
crossroads in local datasets.



https://www.kaggle.com/datasets/stoney71/new-york-city-transport-statistics

Dataset Insights

Bus stops with the highest delays were
identified by measuring the difference
between scheduled and expected
arrival times.

These stops reveal critical points for
potential transit improvements.

Y Bergenfield 164 pirchmont
/ 167 3 y:
'son J
Az, \Elmwood park ‘NEY‘V Rochelle: Bayville
P60 saddie Brook rars AB i o o
e o W Engléwood Gy A s
J Hackensack
Garfield Lodi _8s /
3 sas/ . Oyster Bay
\ 65 m g
ifton Hasbrouck; ATy Glen Cové
Rassaic L Jueigned Ridgefield'Park
(99 / Sea Cliff
AN A Manorhaven
|15 X Ridgefield i
\Rutherford = e P hir Syo
vuttey IR TN S T Txlciiftside p ek eshinaton | NY 107 2
yndhurstile £12% Fairview
Fl ; 2 | {
{ \ N orth Bergen SOUNDVIEW | &
i | at Neck
Belleyile N BN iy i) & o gk N 7
/ \ /X Secaticis o/ Guttenbergf o5 el v T s Great Neck Roslyn Heights Jericho_47<36
5 ! & P 1 = s06=—35N
1% SO tnioncity 5% \ plaza 2P0, dow 4%
5 f £ S / ! 343° Albertson
Kearny / \ e eshauken 357 3740 Hicksville
15wt IS |~/ > S 2o 14 New.Cassel
£ / - J \
.- A \ North or
tanison gip e M \bokent 4 et Dy SR Salsbury
= 238 Hyde -!// M2 gy
y Floral-Park__Garden City W4 Levittov
35 = 260 .
i NS \ East Meadow \
{ WASHINGTON ; / | Eimont Hempstead |
Py 1 PLZ i 1 227N
/ . \ 238 MEW. T
/ Vs A 4 \ §North Valley 217 W penorth Belimore
/ 5 MASHINGTON 5 2 < g Streanf Cakeview Roosevelt )
& PLZ 7 -
Bayorine 2% Ny 2da L mpw R
i Valley:Stream i Y
/ 3 \ | ———=Rockville:Centre —— Freeport: A
N \ MIE
% | \ i
[ 3 i Hpiett \Oteans\de \
2 b AIRPORT, 2 : ) \
‘ SRR A
8 AirTralgwood \
O Li7~13 s 76 STATION - M0

Long Beach




Dataset Insights (cont.)

Average Delay for Different Times of the Day

600

Average Delays by Time of Day:

500 1

Evening delays are notably higher, likely
due to increased traffic as people travel
from work to home.
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Dataset Preprocessing

e Handling Missing Values:

Columns with missing values were removed from the dataset due to the abundance of
available data. This approach allowed us to maintain data integrity without significantly
impacting the analysis.

e Date and Time Handling:

We addressed inconsistencies in the "ScheduledArrivalTime’, such as handling values like
*24:" hours by converting them to "00:" and adjusting the date accordingly.

e Outlier Detection:

Identified and removed extreme values in arrival times and other features to reduce noise
and improve model accuracy.




Dataset Preprocessing (cont.)

e Encoding and Normalization:

We encoded categorical variables and normalized continuous features to prepare the data
for model training.

e Sampling:

A random sample of 500,000 records was selected from a dataset of 5 million MTA bus

arrival time values. This sampling approach ensures that the subset maintains the statistical
properties of the full dataset.

Used stratified sampling method. -




Feature Selection

Correlation Heatmap
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Low Correlation:

e Latitude and Longitude (Origin and
Destination) have low correlation.

e Exclude these features as they add minimal
predictive value.

High Correlation:

e  Origin Name, Destination Name, Published
Line Name, and Next Stop Name show strong
correlations.

e  Prioritize these features for improved model
performance.
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Model
Selection




QR
Existing Related Work N\

Following types of models are used in existing related work:

e Artificial Neural Networks
e Combination of CNN with RNN
e Graph Neural Networks

Also a more recent study using the Kandy bus data proposed a solution using
ensemble model of XGboost and ConvLSTM.

From those we used previous approaches of GNN and CNN to compare with the
proposed model Spacetimeformer.
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Model Evolution

Selected Model == GNN CNN == Spacetimeformer
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Evolution of RMSE values for each model

Week GNN CNN Spacetimeformer
Week 4

Week 5 0.3214 0.3345 0.2395

Week 7 0.2951 0.3212 0.2261

Week 9 0.2624 0.3061 0.2128
Week 12 0.251 0.3018 0.21



https://docs.google.com/spreadsheets/d/1ogr6RSiTGw3sBdSGHtKyxRFjT69e5q3q97l7Hviu5B4/copy#gid=1582481585

Hyperparameter Tuning

e Spacetimeformer has a set of important e We employed time series cross-validation
hyperparameters that should be tuned for to identify the most effective
better performance. hyperparameters for our model.
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Final Model Comparison

The table below compares the performance of three models — GNN, CNN and Spacetimeformer,
used for bus arrival time prediction, highlighting their accuracy, Mean Absolute Error (MAE), and

Mean Squared Error (MSE).

Model MAE MSE RMSE
GNN 0.1889 0.0630 0.2510
CNN 0.1978 0.0911 0.3019 B

Spacetimeformer 0.1187 0.0364 0.1907
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Dashboard




Overview

e React & Vite
o Fast and Responsive Ul: Built for seamless user interactions.
o Modern Development Stack: Optimized for high performance
and efficiency.

e Testing with Vitest
o Ensures all components function as intended.

e User-Friendly Design
o Attractive Interface: Simple and engaging layout for users.

e Mobile Responsiveness:
o Optimized for smartphones, ensuring easy access for
passengers on the go.

Your ultimate compan

with our real-time trac

Next Bus

Find out when your next

Check Next Bus >




Key Features

e BusInsights

~
o Access schedules and patterns daily, weekly, and hourly. 0
o Gaindetailed insights to enhance travel efficiency. “

e Helpful Suggestions

o Smart Travel Tips: Recommendations for optimal travel
times.
o Reduced Wait Times: Strategies to help users avoid delays.

e Color Coding

o Green: Indicates a short waiting time for timely planning.
o Red: Highlights a long waiting time for quick status checks.




Visual Design

e Attractive Color Palette
o Create awelcoming and friendly atmosphere.

e Darkand Light Mode '
o User Preference: Option to switch between
modes for comfort in different lighting
conditions.

e Clear Data Display
o Straightforward Presentation: Easily digestible schedules and trends.

e Easy Navigation
o Simple Layout: Ensures a seamless and enjoyable user experience.
o Mobile-Friendly Design: Ensures passengers can easily navigate and access
information on their devices.



User Dashboard - Landing Page

NextBus When is my next bus? Insights

Welcome to
NextBus

Your ultimate companion for seamless public transportation. Never miss a bus again
with our real-time tracking and insightful statistics.

Next Bus Insights

Find out when your next bus is arriving in real-time. Explore detailed statistics and trends about your bus routes.

Check Next Bus > Insights >

© 2024 Next Bus. All rights reserved.




User Dashboard - NextBus

NextBus When is my next bus? Insights

Wednesday, October 9, 2024 - 11:15:57 PM

Select Route M50

Starting Point 86 ST/STILLWELL AV @

Destination BRIGHTON BEACH AV/BRIGHTON 14 ST © : )
Your journey is planned!

Journey Details

Next Bus Arrival: 0 min 56 sec

Estil d Journey Durati 21 min 29 sec

Estimated Arrival at Destination: 22 min 26 sec




User Dashboard - Insights

When is my next bus? Insights

Bus Route Insights

Select a route to view detailed insights

Wednesday, October 9, 2024 - 10:53:38 PM

Select Route: M50 ¢

M50 - Bus Flow

Daily and weekly bus statistics

Monday ~ Tuesday [AWSINSSSVE Thursday  Fridey  Saturday  Sunday

@ Peak Hour ED Daily Buses B Peak Day
5PM 1894 Thursday

NextBus When is my next bus? Insights

Hourly Bus Distribution

0
12AM 1AM 2AM 3AM 4AM 5AM 6AM 7AM 8AM 9AM 10AM 11AM 12PM 1PM 2PM 3PM 4PM 5PM 6PM 7PM 8PM 9PM 11PM

Weekly Bus Distribution
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Demonstration
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Future
Directions




LR

Future Directions T_

Creating a Local Dataset:

Our goal is to solve Sri Lanka’s transportation challenges, but a suitable dataset
with necessary features was unavailable. Using NYC bus data, we
demonstrated feasibility, and a future local dataset could enhance prediction
accuracy for Sri Lankan bus arrivals.

Incorporating Environmental Data:

The current dataset lacks weather and other environmental conditions.
Integrating this data in future models would improve prediction accuracy by
capturing external factors impacting bus arrivals.
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Contribution




Individual Contribution

Anushanga Sharada
210172N

Reviewed literature on
spatio-temporal forecasting.

Developed a responsive React
dashboard and optimized data
fetching.

Integrated frontend with the
FastAPI backend and organized
backend routes.

Supported data cleaning by
resolving time format issues and
automating conversions.

Deshitha Gallage
210173T

Reviewed literature on
spatio-temporal forecasting.

Led data cleaning, feature
engineering, and sampling.

Built FastAPI backend with
Firebase Firestore with testing.

Assisted in model selection and
training.

Deployed backend and frontend
on Vercel with APl integration.

IE

~

Helith Gothatuwa
210189X

Reviewed literature on
spatio-temporal forecasting.

Assisted in data cleaning,
extracting useful insights from
dataset.

Developed existing approaches
like CNN and GNN to compare
with the proposed model.

Assisted in Spacetimeformer
training and testing.



Thank You!




