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Abstract: This paper presents the end-to-end design, implementation, and empirical evaluation of a Live Public Transport
Tracking System (LPTTS) using a cross-platform mobile application. The system integrates GPS-enabled IoT devices
installed on city buses, a Node.js cloud backend with WebSocket-based real-time communication, a React Native passenger
mobile application, a Flutter-based driver application, and a React.js administrative web dashboard. Passengers can view live
bus positions on an interactive Mapbox map, receive accurate Estimated Time of Arrival (ETA) at each stop, and subscribe to
push notifications for service disruptions. A weighted hybrid ETA algorithm combining distance- based estimation, historical
travel patterns, and real-time speed data achieves a mean absolute error of 63 seconds across three pilot routes —
outperforming linear and historical-only baselines by 42.7% and 22.5% respectively. The system achieves end-to-end location
update latency of

1.8 seconds (p95), 99.4% uptime over 30 operational days, and a passenger user satisfaction score of 4.6/5.0 in user
acceptance testing. A full cost-benefit analysis demonstrates payback within 14 months for a 50-bus fleet. The complete open-
source architecture is presented with implementation details, code samples, performance tables, system screenshots, and
comparative analysis against state-of-the-art transit tracking solutions.

Keywords: live bus tracking; GPS; IoT; WebSocket; React Native; Node.js; MongoDB; public transport; ETA
prediction;smart city; mobile application; real-time systems; fleet management.

I. INTRODUCTION

Public transportation remains the cornerstone of urban
mobility in developing economies. In India alone,
approximately 340 million daily journeys depend on bus
services across 5,000 cities and towns [1]. Yet the vast
majority of these journeys occur without any digital
passenger information layer — passengers wait at bus stops
with no knowledge of when the next bus will arrive, how
full it is, or whether a disruption has occurred on their
route.

The consequences are measurable and severe. Studies
across South Asian cities consistently find that 30-40% of
intending transit passengers abandon their journey or switch
to more expensive private transport after waiting more than
12 minutes without information [2]. This avoidable ridership
loss undermines both the financial sustainability of transit
operators and the environmental goals of municipal
authorities.

Meanwhile, the technological prerequisites for solving this
problem have become widely affordable. A GPS module
providing 2-metre accuracy costs less than USD 12. A 4G

SIM data plan for continuous vehicle tracking costs
approximately USD 3-5 per month. Open-source
frameworks — React Native, Node.js, Socket.IO,
MongoDB — provide production-grade development tools
at zero licensing cost. The barrier to deploying a real-time
transit tracking system is no longer technological feasibility
or cost; it is the availability of a well-documented,
replicable implementation.

This paper provides precisely that. We present LPTTS
(Live Public Transport Tracking System) — a complete,
open-source system evaluated on a real municipal bus
network. Our principal contributions are:

* A complete four-tier architecture: GPS IoT device,
Node.js backend, React Native passenger app, and
web admin dashboard — all open-source and
deployable on commodity hardware.

* A weighted hybrid ETA algorithm with empirical
weight tuning that achieves 63-second mean absolute
error on real routes.

* A 30-day pilot deployment evaluation on three bus
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routes with 12 instrumented vehicles, generating
over 847,200 GPS events.

* Annotated screenshots of all major system
interfaces documenting the complete user
experience.

* A cost-benefit analysis demonstrating financial
viability for municipalities in developing
economies.

II. RELATED WORK

A. Static Schedule vs. Real-Time Systems

Early transit information systems relied exclusively on
static GTFS (General Transit Feed Specification) data —
pre-published timetables distributed to apps like Google
Maps Transit [3] and Moovit [4]. These systems provide
adequate information under ideal conditions but become
immediately inaccurate when any vehicle deviates from its
scheduled path. Studies by Ferris et al.[5] documented that
real-time arrival information reduces average passenger wait
times by 30% and increases satisfaction scores significantly
compared to schedule-only systems. GTFS-RT (Real-Time)
extensions allow operators to publish live delays, but this
infrastructure is absent in virtually all small-city transit
environments.

B. GPS Fleet Tracking in Transit

GPS-based vehicle tracking has been applied to transit since
the early 2000s. Ramani et al. [6] demonstrated 12-18% fuel
reduction and 22% on-time improvement in GPS-tracked
commercial fleets. For public transit specifically, Caulfield
et al. [7] showed that smartphone-based transit tracking
apps significantly increase the likelihood of continued
public transport use, particularly among younger
demographics. Srinivasan et al. [8] deployed GPS tracking
on school buses in Chennai using Android devices,
achieving 3.2-metre location accuracy. Their system,
however, was unidirectional — no live map was presented
to passengers or parents beyond SMS notifications.

C. WebSocket and Real-Time Communication

WebSocket protocol (RFC 6455) provides full-duplex
persistent connections critical for push-based location
streaming. Socket.IO [9], built on WebSocket with
automatic HTTP long-polling fallback, has become the
dominant framework for real-time mobile applications.
MQTT (Message Queuing Telemetry Transport) [10]
provides an alternative for the constrained IoT device-to-
server segment, with its publish-subscribe model and
extremely low overhead (2-byte header) making it ideal for
GPS devices operating on cellular networks.

D. ETA Prediction Approaches

ETA prediction for buses has been extensively studied.
Simple kinematic models (distance/speed) perform poorly
under variable urban traffic. Yu et al. [11] achieved 52-
second MAE using gradient boosting on Beijing bus routes.
Gurmu and Fan [12] showed that hybrid models combining
regression with neural networks consistently outperform
single approaches. Recent deep learning approaches using
LSTM networks achieve sub-45- second MAE but require
substantial training data and GPU inference infrastructure

that is impractical for small-city deployments. Our
weighted hybrid approach targets the middle ground: better
than simple kinematic models, more deployable than deep
learning.

E. Identified gaps

Threee critical gaps in prior work motivate this research.
First, most systems address only one component (tracking
device, or ETA model, or mobile UI) rather than presenting
a complete integrated system. Second, evaluation is typically
conducted in simulation or small laboratory deployments
rather than real multi-week operational environments. Third,
cost and deployment complexity analysis for resource-
constrained municipal contexts is rare. This paper addresses
all three gaps.

III. METHODOLOGY

A. Pilot Network

The system was piloted on three municipal bus routes in a
mid- sized Indian city (population ~650,000). Route 7
covers 14.2 km with 22 stops and 8-minute peak frequency;
Route 12 covers 9.8 km with 16 stops and 10-minute peak
frequency; Route 23 covers18.6 km with 28 stops and 12-
minute peak frequency. Twelve buses were equipped with
GPS devices across the three routes. Data was collected
over 30 operating days (6:00 AM — 10:00 PM), generating
847,200 GPS events and 2,340 complete trip records.

B.GPS IoT Device

Each bus is fitted with a custom IoT device: ESP32
microcontroller+ u-blox NEO-M8N GPS (10 Hz, CEP < 2.5
m) + SIM7600 4GLTE modem. Firmware written in
C++/Arduino transmits a JSON location payload via MQTT
at 1-second intervals. A 4 MB onboard flash buffer stores
data during cellular outages and batch-transmits on
reconnection. Hardware cost per unit: USD 118 including
installation.Payload format: { deviceld, lat, Ing, speed,
heading, satellites, hdop, timestamp }. MQTT topic:
buses/{deviceld}/location. QoS level 1 ensures at-least-once
delivery.

C. Backend Architecture

Three Node.js microservices operate behind a load balancer
on two cloud instances (4 vCPU, 8 GB RAM each):

1. Location Ingestion Service: Subscribes to MQTT
broker, validates coordinates via Haversine
plausibility check, persists to MongoDB with
GeoJSON indexing, re-publishes enriched events to
Redis Pub/Sub.

2. WebSocket Service: Subscribes to Redis,
maintains Socket.IO rooms per route, broadcasts
vehicle:location events to subscribed mobile
clients.

3. ETA Service: Consumes location events, computes
per-stop ETAs using the weighted hybrid algorithm,
appends results to outbound WebSocket messages.

Database: MongoDB 7.0 Atlas M30 (3-node replica set).
Cache/PubSub: Redis 7.2 Cluster. Message broker:
Mosquitto MQTT v2.0.

D.ETA Algorithm
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The weighted hybrid ETA formula is:

ETA = o'D_ETA + B-H_ETA + y'T_ADJ
where D_ETA = remaining route distance / current speed;
H ETA= historical mean travel time for the same route
segment, time slot (30-min window), and day-of-week;
T _ADJ = correction factor based on current speed deviation
from historical norm. Empirically tuned weights: 0=0.40,
$=0.40, y=0.20, derived by minimising MAE on 15 days of
training data via grid search.

E.Mobile Application

The passenger application (React Native 0.74 + Expo)
targets Android 8.0+ and iOS 13+. Key dependencies:
Mapbox Maps SDK (interactive map, offline tiles),
Socket.IO client (real-time subscriptions), Firebase Cloud
Messaging (push notifications), React Navigation (screen
routing), Redux Toolkit (state management). App size: 38
MB (Android), 42 MB (iOS). The driver application is built
with Flutter 3.22 for optimal native performance on low-
end Android devices used by drivers.

F.Admin Dashboard

A React 18 single-page application built with Vite, Ant
Design 5.x, and Recharts provides the administrative
interface. Features: live fleet map (all active vehicles), route
and stop management, trip history, on-time performance
analytics, CSV/PDF export, and alert management.

G. Evaluation Metrics

System performance was measured across five dimensions:
(1) End-to-end location update latency — time from GPS
event generation to mobile map refresh; (2) ETA Mean
Absolute Error (MAE) in seconds against ground-truth stop
arrival times; (3) System availability as percentage uptime
over 30 days; (4) GPS location accuracy in metres versus
known checkpoint coordinates;(5) User Acceptance Testing
scores from 80 beta passengers and 15 bus drivers.

VI. METHODOLOGY

A. System Performance Summary

Table 1 summarises the key performance metrics measured
during the 30-day pilot deployment. All values represent
means over the full evaluation period unless noted.

Metric Result Target
Latency p50 1.2s <2s
Latency p95 1.8s <3s
Latency p99 2.6s <5s
ETA MAE (all) 63 sec <90s
GPS acc. (open) 2.1m <5m
GPS acc. (urban) 8.4 m <I5m

System uptime 99.4% >99%
GPS availability 96.8% > 95%
App crash rate 0.04% <0.1%
App cold start 2.1s <3s
Concurrent users tested 50,000 50,000

Table 1. System Performance Metrics — 30-Day Pilot
B. ETA Method Comparison

Three ETA strategies were evaluated against ground-truth
arrival times at 48 monitored stop-points across all three
routes. Table 2 shows MAE in seconds for each method
and route.

Method R.7 R.12 R23 [Mean
Linear (dist/spd) 89 104 118 104
Historical only 71 83 97 84
Hybrid (ours) 51 64 74 63
Improvement vs. linear 43 38% 37% 39%
%

Table 2. ETA MAE (seconds) by Method and Route

C. Individual Component Benchmarks

Table 3 shows performance for each backend
microservice measured at normal load (5,000 concurrent
users, 50 vehicles):

Service p50 Latency p95S Latency
MQTT Ingestion 8 ms 22 ms
Redis Pub/Sub 4 ms 11 ms
WebSocket Broadcast 95 ms 210 ms
D. Load Testing Results

Load tests conducted using k6 simulated three scenarios
over 10- minute sustained periods. Results are shown in
Table 4.

Metric Normal Peak Stress
Concurrent Users 5,000 25,000 50,000
Active Vehicles 50 200 500
WS Latency p95 420ms 890ms 1,940ms
CPU Usage 28% 61% 89%
Memory / node 1.2GB 3.1GB 5.8GB
Error Rate 0.01% 0.08% 1.2%

Table 4. Load Testing Results

Results confirm adequate performance at Normal and
Peak loads. At Stress load (500 vehicles, 50,000 users),
error rate reaches 1.2%, indicating that a third application
server node is required for deployments exceeding 300
active vehicles.

E. Comparison with State-of-the-Art

Table 5 contextualises our results against comparable
systems reported in the literature. Direct comparison is
approximate due to differing deployment environments.

System Platform Latency ETA MAE
OneBusAway [5] Web+Mobile 3-5s 72's
Srinivasan [8] Android 2.4s N/A
Yuetal. [11] Web N/A 52s
Gurmu & Fan [12] Simulation N/A 48 s
LPTTS (ours) i0S+Android 1.8s 63s

Table 5. Comparison with State-of-the-Art
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V. DISCUSSION

A.System Strengths

The LPTTS demonstrates four key strengths. First,
infrastructure independence: unlike systems requiring
GTFS-RT feeds or existing transit APIs, LPTTS builds its
own data pipeline from GPS hardware. This makes it
deployable in any city with a bus network regardless of
existing digital infrastructure. Second, cost- effectiveness:
total hardware cost per vehicle is USD 118, with no
software licensing. A complete 50-bus deployment totals
approximately USD 9,200 in hardware — two orders of
magnitude below enterprise transit management platforms.
Third, resilience: GPS offline buffering ensures no data loss
during cellular outages, and the mobile app's offline mode
provides graceful degradation. Fourth, open-source: the
entire codebase is published under MIT licence, enabling
institutional deployment, community contributions, and
academic reproducibility.

B.Limitations

Three limitations require acknowledgement. First, GPS
accuracy degrades in urban canyons and during tunnel
traversal — position errors can reach 15-20 metres
temporarily. While IMU-based dead reckoning partially
compensates, ETA accuracy degrades during these periods.
Second, the ETA model's historical component requires a
minimum of 14 days of training data per route before
weight optimisation is meaningful; newly launched routes
operate with the linear model only during this period. Third,
the system currently lacks integration with municipal traffic
signal and road incident data feeds, meaning major
incidents are detected only via the vehicle's own speed
deviation, introducing a lag of 3-5 minutes in ETA
correction.

C.Cost-Benefit Analysis

For a representative 50-bus municipal fleet, one-time
deployment cost is estimated at INR 8,20,000 (hardware
INR 4,50,000, cloud setup INR 70,000,
development/integration INR 3,00,000). Annual operating
cost is INR 1,80,000 (cloud hosting INR 1,20,000, SIM
plans INR 36,000, maintenance INR 24,000). Annual
quantified benefits are estimated at INR 6,50,000 (driver
time saved on manual reporting, reduced fuel from better
scheduling, decreased passenger complaints and attrition,
elimination of paper systems). Payback period: 14.3
months.

D.Privacy and Security

Real-time vehicle positions are transmitted over TLS 1.3.
Passenger usage data (route subscriptions, notification
preferences) is anonymised at collection. No personally
identifiable information is stored without explicit consent.
Vehicle tracking data is retained for 90 days for analytics,
then deleted. Facial recognition or biometric data are not
collected at any point. The design complies with India's
Digital Personal Data Protection Act 2023 and is structurally
GDPR-compatible.

E. Deployment Lessons

The 30-day pilot yielded several operational lessons not
visible in technical design. Driver adoption required a
structured two-day training programme and an incentive
scheme (bonus for 95%+ data completeness); without this,
approximately 30% of drivers initially neglected to start trips
in the driver app. Power management for the GPS device
required a transient voltage suppressor after one unit failed
due to engine-start voltage spike in Week 1. The Mosquitto
MQTT broker required rate limiting configuration to
prevent a single malfunctioning device from flooding the
ingestion queue — an edge case not anticipated during
development.

F. Feature Importance

Systematic analysis of factors affecting ETA accuracy
identified five primary determinants: (1) Route segment
length — longer inter-stop distances increase prediction
uncertainty; (2) Time of day — morning peak hours show
34% higher travel time variability than off-peak; (3) GPS
satellite count — below 6 satellites, location error rises
from 2.1 m to 11.7 m; (4) Cellular signal strength — below
-100 dBm, packet loss increases sharply; (5) Driver
behaviour consistency — routes with consistent drivers
show 18% lower ETA MAE than routes with rotating
drivers.

VI. CONCLUSION

This paper presented LPTTS — a complete live public
transport tracking system comprising GPS IoT devices, a
Node.js WebSocket backend, a React Native mobile passenger
application, a Flutter driver app, and a React.js
administrative dashboard. The system was evaluated over
30 days on three real bus routes, achieving 1.8 s p95 end-to-
end latency, 63-second ETA MAE, 99.4% uptime, and
4.6/5.0 passenger satisfaction — meeting all defined
targets.

The weighted hybrid ETA algorithm reduces prediction
error by 42.7% versus simple linear estimation. The fully
open-source, low- cost architecture (USD 118/vehicle
hardware) makes LPTTS particularly suited to small and
medium-sized cities in developing economies where
enterprise  solutions are unaffordable.Future research
directions include: (1) LSTM-based ETA model trained on
longitudinal route data; (2) Multi-modal journey planning
integrating walking, auto-rickshaw, and metro segments;(3)
Adversarial robustness testing against GPS spoofing; (4)
Integration with traffic signal and municipal incident APIs;
(5) Voice-guided stop announcements for accessibility; (6)
Carbon footprint tracking per route as a sustainability
metric.
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