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Introduction

● Developing countries lack reliable crowding measures, reducing

passenger comfort and ridership – idea of travel itinerary planning

is not yet present

● Lack of occupancy data leads to poor transit management, longer

wait times, and substantially lesser transit satisfaction

● This study offers a novel method to derive occupancy from

ticketing data in tier-2 and tier-3 cities using GTFS and census data

● Improved prediction accuracy helps optimize bus routes and

schedules, enhancing service quality and ridership

● Passenger Willingness: Willingness to take longer routes or pay extra to avoid crowds.

● Improved Distribution: Crowding data enhances traveler distribution, reducing extreme crowding.

● Increased Comfort and Reduced Risks: Better information boosts comfort and mitigates issues like bus

bunching and health risks.(Drabicki et al., 2022)(Thomas et al., 2022)

● Effective Resource Allocation: Knowing crowding patterns enables better resource allocation and scheduling

of extra services.(Marra et al., 2022; Shelat et al., 2022)

Extent of Available Literature
Figure  - Varanasi EV Buses 



Aim of Research 

Developing real-time transit occupancy prediction models are a critical imperative for crowd management and pre-

empting the service level changes required at the level of a transit system. Transit agencies’ experiences evident in the 

literature underline that occupancy information enhances the passenger satisfaction and overall system reliability.

Expected Outcomes 

Enhancing Operational Efficiency: Accurate occupancy predictions allow transit agencies to optimize route planning

and schedules for EV buses, reducing trips with low ridership and extending battery lifespan.

Improving Passenger Comfort: Predicting occupancy helps alleviate overcrowding, enhancing passenger comfort

and satisfaction while encouraging more people to use public transportation.

Sustainable Urban Mobility: Occupancy prediction aids in optimizing electric bus operations, contributing to a

sustainable transportation system and reducing the carbon footprint.

Leveraging Advanced Technologies: Utilizing AI/ML and big data analytics, along with a real-time dashboard,

enables predictive analysis and data-driven decision-making for transit agencies.

Research Background  



Figure  - Bus routes and stop location in Varanasi 

district

Metric Value

Average Daily Ridership

Approximately 

7,658 passengers

Number of Routes Covered 26 routes

Total Number of Buses 56 buses

Average Ticket Price ₹ 28.84

Average Daily Revenue from Ticket Sales ₹ 2,20,836

Average Ridership per Bus, per Route, 

per Trip 29.35 passengers

Total Unique Stops Served 114 stops

Number of Stops Within City Limits 45 stops

Average Speed of Buses 14.3 km/h

Table - Key metrics related to Varanasi Bus 

Data Sources – Ticketing Data



Specific Research Problem Addressed

● Low: 0% to 33% of total vehicle capacity. 

● Medium: 33% to 66% of total vehicle capacity. 

● High: 66% to 100% of total vehicle capacity. 

● Overload: 100%+ of total vehicle capacity. 

Figure  -Demand Category v/s Count

Occupancy of a bus stop   = Occupancy of Previous stop +   Boarding of the current stop – Alighting of 

the current stop

Based on the observation and Preliminary study of the ticketing data, 22% 

of the passenger trips experience  overloading in the peak hours of the day 

● Data-driven decisions enhance transit efficiency and service quality by 

prioritizing passenger comfort over convenience in crowded situations.

● Consistent bus spacing reduces crowding and health concerns

● Effective crowd management enhances comfort for all passengers



Data Preprocessing

Figure  - GTFS and its components Figure  - ETM data for Varanasi Buses 

Missing 

Values

Problem: Missing values can bias results. Solution: Used KNN 

Imputation to fill gaps, using similar data points to estimate missing 

values.

Categorical 

Variables

Problem: Categorical variables aren't directly usable. Solution: Applied 

One-Hot Encoding to convert categories into a binary format for 

machine learning.

Continuous 

Variables

Problem: Differing scales in continuous variables can skew results. 

Solution: Used scaling techniques (Min-Max and Standardization) 

to normalize data. Prepared data for Occupancy Calculation: 

Assessed trip occupancy

Time Matching: Aligned 

ticketing times with GTFS times

Dropping Missing Routes:

Excluded unmatched route_ids

Sub-Route GTFS Creation: 

New GTFS for sub-routes

GTFS DataCollection of 12,000 

trips of ticketing 

data (ETM)

Route_id Misalignment:

Manual matching of Ticketing 

and GTFS route_ids 

Route Renaming: 

Systematic correction of 

route_ids



Data Preprocessing

Socio Demographics & Economic 

Indicators  - 2011 Census Data

Data Pre-Processing: Perform noise reduction 

and calibration

Data Access: VIIRS collected and raster 

clipping

GIS Integration: Overlay spatial data and 

perform spatial queries

Data Alignment: Conduct georeferencing, 

projection, and resampling

Additional Indicators: Compute SD, max/min 

intensity, and temporal change

Extraction of Mean NTL: Apply masking and 

spatial aggregation (mean, median)

Mean Night-Time Light (NTL) for each 

zone/ward in Varanasi

Preparing Night Time Light(NTL) Dataset 

Village boundary Shapefile 

downloaded from OVSF/-

/10(SOI,2023) ,

Gathered ward dataset at the 

urban level.

Mapped 16 variable from 

Census  2011 and NTL to zones.

Dataset ready for the analysis

Merged shapefile with the ward 

dataset.(114 Zones)

Validated accuracy and 

completeness of the dataset.

Geospatial Dataset



Summary of Preprocessed Dataset 

Occupancy over 45 days of Collected dataDescriptive statistics of all Socio economic +NTL dataset 

Figure  - Descriptive statistics of all Socio economic +NTL dataset Figure  - Occupancy distribution of Bus network in a 45 days period 



Methodological Framework

Random 
Forest 

Classifier

XGBoost 
Classifier

Random 
Forest 

Regressor

Stop Level Random Forest Classifier

Trip Level XGBoost Classifier

Zone Level Random Forest Regressor



Trip Level Analysis

Model Accuracy Precision Recall F1-score Custom 

Accuracy 

Metric

RF without stop

characteristics

0.553 0.6662 0.553 0.5944 0.553

XGB without stop

characteristics

0.6582 0.5999 0.6582 0.6032 0.6582

RF with stop

characteristics

0.5441 0.6698 0.5441 0.5834 0.5441

XGB with stop

characteristics

0.6573 0.6355 0.6573 0.6297 0.6573

Table - Trip Level Model Comparisons

Figure - Confusion Matrix for best XGBoost Model

Figure - Feature Importance of XGBoost Model

Feature Importance: The total effect of each variable on transit trip

occupancy is analyzed, highlighting their influence on the final outcome.

Key Predictors: The time interval is identified as the most significant

variable for predicting occupancy, followed by Route ID, Weekday, and stop

station.

Additional Contributors: Household Density, Mean Night Time Light, Percent of SC/ST, and Literacy Rate also significantly contribute to

the model's predictions.

A confusion matrix is a 4x4

table that assesses a

classification model's accuracy

by comparing actual and

predicted values across four

categories (0, 1, 2, 3).



Stop Level Analysis

Model Accurac

y

Precision Recall F1-Score Custom

Accuracy

Metric

XGB with stop

characteristics

0.6527 0.6136 0.6527 0.6168 0.6527

Random Forest

with stop

characteristics

0.5706 0.6676 0.5706 0.6056 0.5706

Key Features in Occupancy Prediction: In predicting stop-level occupancy, Route ID is critical, while the average level of

Night Time Light (NTL_MEAN) emerges as the most influential factor. Higher NTL values correlate with increased

occupancy, and additional important features include Road Density and Intersection Density, indicating that well-developed

road networks also contribute to higher occupancy rates.

Permutation Importance: A model-agnostic technique

that estimates feature importance by shuffling feature

values and observing the impact on model performance.

Table - Stop Level Model Comparisons

Figure- Permutation Importance of Best model



Route ID Demand

E106 636405

E104 589078

E102 503558

E105 350249

E101 201032

E103 129804

Line Level Analysis

Most Crowded Lines of Varanasi

2 most crowded routes

Comparison study of two routes – E106 and E104

E104E106

Bus Line Number of Stops Key Features

E106 30 Starts in the outskirts, passes through the city center, ends in another 

outskirt area; includes Cantt Railway Station.

E104 34 Starts in the outskirts, passes through the city center, ends in another 

outskirt area; includes Cantt Railway Station.



Line Level Analysis

Comparison study of two routes 
Occupancy vs Count Plots

Comparison study of two crowded routes: 
Heatmap for Weekdays

Comparison study of two crowded routes: 
Heatmap for Weekends
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Zone Level Analysis

At the zonal level, we used a Random Forest Regressor to

predict occupancy, evaluating its performance with two key

metrics:

● Mean Squared Error (MSE): Measures the average of

squared differences between predicted and actual

values. Our model's MSE is 0.04384, indicating low

error and sensitivity to outliers.

● Mean Absolute Error (MAE): Assesses the average

absolute differences between predicted and actual

values. The MAE for our model is 0.15688, suggesting

a modest deviation without emphasizing larger errors.

Together, these metrics indicate the model's accuracy, with

low MSE showing strong performance and MAE reflecting

robustness against extreme deviations.

Figure - SHAP Analysis for Random Forest Regressor



Final Dashboard Developed for Transit Management

Ridership Intelligence 

Occupancy Intelligence 

Stop Level Ridership 
Spatial Intelligence

(Zonal Trips)
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