KSRTC Live Track : Bus Tracking App
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Abstract—Accurate real-time bus tracking and arrival time prediction are essential components of intelligent transportation systems. In developing regions, most public transport systems lack access to multi-source traffic data, making scalable pre- diction solutions challenging. This paper presents KSRTC Live Track, a GPS-based bus tracking and arrival time prediction framework that relies solely on trajectory data collected from Electronic Ticketing Machines installed in buses.
The proposed system integrates temporal sequence modeling and spatial network embedding to capture both driving behavior patterns and inter-stop relationships. A gated recurrent unit (GRU) based sequence model is used to extract temporal de- pendencies, while graph-based spatial modeling represents bus stop adjacency. The combined embedding improves arrival time prediction accuracy without requiring additional traffic sensors. Experimental evaluation demonstrates significant improve- ments in Mean Absolute Error (MAE) and Root Mean Square Error (RMSE) compared to traditional statistical and machine learning models. The proposed framework is lightweight, scal- able, and suitable for real-time deployment in public transporta-
tion systems.
Index Terms—Bus Arrival Prediction, GPS Trajectory, Intelli- gent Transportation Systems, GRU, Network Embedding, Real- Time Tracking

I. INTRODUCTION
Public transportation systems play a significant role in sustainable urban mobility by reducing congestion, fuel con- sumption, and environmental pollution. However, one of the major challenges faced by passengers is the uncertainty in bus arrival times. Traditional scheduling methods rely on prede- fined timetables which often fail to reflect real-world condi- tions such as traffic congestion, signal delays, or operational variations. As a result, passengers experience longer waiting times and reduced trust in public transportation services.
Recent advancements in Intelligent Transportation Systems (ITS) enable the use of real-time data analytics for improv- ing transit operations. Among various data sources, Global Positioning System (GPS) trajectory data has become widely available due to integration with onboard devices such as Electronic Ticketing Machines (ETM). GPS data provides continuous location tracking, making it possible to analyze movement patterns and estimate arrival times dynamically.

This paper proposes KSRTC Live Track, a real-time bus tracking and arrival time prediction system designed specifi- cally for lightweight deployment using only GPS trajectory data. Unlike existing approaches that depend on multiple external datasets such as traffic sensors or weather data, the proposed system extracts both temporal and spatial informa- tion directly from trajectory sequences. Temporal modeling captures driving patterns and traffic fluctuations, while spatial modeling represents relationships between bus stops and routes using graph structures.
The primary contributions of this work include:
· Development of a GPS-only arrival prediction framework suitable for scalable deployment.
· Integration of GRU-based sequence modeling to learn temporal dependencies.
· Graph-based spatial representation of bus stop networks.
· Implementation of a real-time mobile interface for pas- senger interaction.
II. EASE OF USE
The KSRTC Live Track system is designed with usability and deployment simplicity as primary considerations. Unlike complex transportation monitoring systems that require ad- ditional infrastructure, the proposed solution utilizes existing GPS devices embedded within buses. This reduces deploy- ment cost and ensures compatibility with current operational workflows.
From the passenger perspective, the system provides a mobile application interface where users can view real-time bus locations, estimated arrival times, and route information. The interface prioritizes simplicity and clarity to support a wide range of users.
For transport authorities, the backend system requires min- imal configuration since it processes GPS data streams au- tomatically. Machine learning models operate on standardized input features, allowing straightforward integration with cloud- based platforms.
A. Maintaining the Integrity of the Specifications
Maintaining operational consistency is essential when in- troducing predictive analytics into existing transportation sys- tems. The KSRTC Live Track framework preserves the stan-

dard route structures and scheduling mechanisms already used by bus operators. Prediction models are implemented as an enhancement layer rather than replacing traditional planning systems.
Data handling follows strict validation rules to ensure that noisy or missing GPS samples do not degrade model perfor- mance. The architecture ensures scalability, allowing deploy- ment across multiple routes without structural modification. Additionally, modular design enables future expansion such as congestion prediction or passenger demand analysis.
III. PREPARE YOUR PAPER BEFORE STYLING
Before model training, GPS trajectory data undergo several preprocessing stages. Raw GPS streams often contain irreg- ular intervals, signal loss, or noise caused by environmental interference. Data preprocessing includes filtering invalid co- ordinates, smoothing trajectory sequences, and interpolating missing timestamps.
Feature engineering plays a critical role in improving pre- diction performance. Derived features include instantaneous speed, distance remaining to destination, and time-of-day indicators. These features enhance the model’s ability to learn patterns associated with peak hours and traffic conditions.
Data normalization is applied to ensure stable training behavior. After preprocessing, trajectory sequences are seg- mented into time windows suitable for sequence learning models.
A. Abbreviations and Acronyms
ITS – Intelligent Transportation Systems ETA – Estimated Time of Arrival
B. Units
GPS coordinates are represented using latitude and longi- tude values. Distance calculations use kilometers (km), while time intervals are measured in seconds.
C. Equations
The trajectory feature vector is defined as:

Xt = [latt, lont, speedt]	(1) Arrival prediction function:
Tpred = f (X1, X2, ..., Xt)	(2)

The fused prediction combines temporal embedding ht and spatial embedding es:

Tpred = σ (Wf [ht; es] + bf )	(5)
D. Some Common Mistakes
Incorrect GPS sampling rates may reduce prediction ac- curacy. Missing trajectory data should be handled through interpolation techniques to maintain sequence continuity.
E. Identify the Headings
Headings are used to organize the structure of the KSRTC Live Track system and present the technical workflow in a clear and logical manner. The main component headings repre- sent key sections of the research, including the introduction of the real-time bus tracking problem, system architecture, mod- eling techniques, experimental evaluation, and conclusions. These headings help readers understand the progression from problem definition to implementation and analysis.
Text headings are applied hierarchically to describe specific aspects of the proposed solution. For example, subsections are used to explain temporal modeling using GRU networks, spatial network embedding of bus stops, dataset preparation, equations used for prediction, and presentation of figures and tables. This structured organization ensures that complex technical details such as GPS trajectory processing and arrival time estimation are clearly separated into manageable sections. Following IEEE heading conventions improves readability and allows the paper to maintain consistency with professional conference standards while presenting the KSRTC Live Track
framework in a systematic and easy-to-follow format.
F. Figures and Tables
Fig. 1 shows the overall workflow of the KSRTC Live Track system. Real-time GPS data collected from ETM devices are first preprocessed to remove noise and missing values. The cleaned trajectory data are passed through a GRU-based temporal model and a spatial bus stop graph module. The combined output generates accurate ETA predictions that are displayed in the mobile application interface.

TABLE I
KSRTC GPS DATASET FEATURES

GRU update:



ht = (1 − zt)ht−1 + zth˜t	(3)Feature
Unit
Description
Latitude
Degrees
Bus geographic coordinate
Longitude
Degrees
Bus geographic coordinate
Speed
km/h
Instantaneous vehicle speed
Distance to Stop
km
Remaining route distance
Timestamp
Seconds
Time of GPS capture
Route ID
–
Bus route identifier



We further represent the remaining distance to the next stop using Haversine distance between two GPS points (ϕ1, λ1) and (ϕ2, λ2):
d = 2R arcsin √ sin2 ∆ϕ  ∆λ	(4)
2

+ cos ϕ1 cos ϕ2 sin2
2


Table I describes the key GPS attributes used in the KSRTC Live Track system. These features enable the model to learn driving behavior patterns and estimate arrival time accurately. Table II compares the prediction accuracy of different models. The proposed GRU combined with spatial graph embedding achieves the lowest prediction error, demonstrating
improved performance over traditional approaches.
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IV. PROPOSED METHODOLOGY
The KSRTC Live Track method uses GPS trajectory data collected at fixed intervals from buses. The overall pipeline follows Fig. 1: data are cleaned, segmented into sequences, then passed to temporal and spatial models, and finally fused to produce ETA predictions.









Fig. 1. Architecture of KSRTC Live Track System

TABLE II
MODEL PERFORMANCE COMPARISON

	Model
	MAE (sec)
	RMSE (sec)

	Historical Average
	125
	168

	SVM Regression
	82
	110

	LSTM
	60
	85

	Proposed GRU + Graph
	42
	63





Fig. 2 presents the comparison of Mean Absolute Error across different prediction models. The proposed system sig- nificantly reduces prediction error due to combined temporal and spatial learning.
Fig. 3 illustrates the spatial graph representation of bus stops. Each node represents a stop, and edges represent con- nectivity along the route. This graph-based modeling captures spatial relationships that improve ETA prediction accuracy.
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A. 
Trajectory Preprocessing and Feature Extraction
Raw GPS records may contain missing or noisy points. We perform: (1) removal of invalid coordinates, (2) interpolation for short gaps, (3) smoothing of jitter using moving average on latitude/longitude, and (4) segmentation into fixed-length windows for training. From each window, we extract speed, remaining distance, and temporal indicators (hour, weekday).

B. Temporal Modeling with GRU
GRU networks are applied to sequences X1, X2, ..., Xt to learn temporal dependencies such as stop delays, slowdowns, and acceleration patterns. The hidden state ht represents the learned trajectory embedding for prediction.{	}


C. Spatial Modeling with Bus Stop Graph
Spatial dependencies are modeled using a graph where nodes represent bus stops and edges represent adjacency or closeness between stops (Fig. 3). This captures repeated route structure and shared road segments, improving generalization when traffic patterns vary.

D. Fusion and Prediction
The fusion layer concatenates temporal embedding ht with spatial embedding es and outputs ETA. This design keeps inference lightweight, enabling real-time mobile deployment.

V. EXPERIMENTAL RESULTS
A. Evaluation Metrics
We evaluate prediction accuracy using MAE and RMSE:
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(6)


Fig. 2. MAE Comparison Between Prediction Models

where Ti is the true arrival time and Tˆi is the predicted arrival
time.

B. Baselines
We compare against common baselines:
· Historical Average (HA): mean travel time from historical trips.
· SVM Regression: supervised regression using extracted features.
· LSTM: sequence model similar to GRU with more pa- rameters.
C. Results Summary
Table II and Fig. 2 show that the proposed GRU+Graph model achieves lower error. This improvement occurs because temporal modeling captures speed and delay patterns, while the spatial graph helps represent stop-to-stop correlations.

TABLE III
EXAMPLE HYPERPARAMETERS (DEPLOYMENT-FRIENDLY)

	Parameter
	Value

	Sequence Window Length
	30 GPS points

	GRU Hidden Units
	64

	Batch Size
	32

	Learning Rate
	0.001

	Graph Embedding Size
	32




VI. DISCUSSION
The proposed approach is designed for environments where only GPS data is reliably available. This matches the op- erational constraints of many public transport systems. The architecture is also compatible with real-time apps since the model inference uses compact embeddings and avoids heavy external data dependencies.
Limitations include: (1) accuracy may drop in long GPS outages, (2) sudden route deviations can confuse sequence models, and (3) more real operational data improves robust- ness. Future work includes integration of anomaly detection for route deviations and continuous online learning.
VII. CONCLUSION
This paper presented KSRTC Live Track, a GPS-only bus tracking and arrival time prediction framework designed for lightweight deployment. By combining GRU-based tempo- ral modeling with spatial bus stop graph representation, the proposed method improves arrival time estimation without requiring additional traffic sensors or multi-source data. The system supports scalable real-time deployment through a mo- bile application interface, improving passenger experience and operational transparency.
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