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Abstract—This paper presents an integrated platform combin-
ing Traffic-DSTG-Gen dataset generator and TrafficLab testing
environment for Dynamic GNN ETA prediction. The system gen-
erates route-aware dynamic graphs from SUMO simulations and
provides comprehensive real-time model evaluation capabilities
for smart transportation research applications.
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I. INTRODUCTION

Accurate Estimated Time of Arrival (ETA) prediction is cru-
cial for modern transportation systems, enabling better route
planning, traffic management, and improved navigation ser-
vices. Dynamic Graph Neural Networks (GNNs) have emerged
as powerful tools for modeling complex traffic networks with
evolving topology and temporal dependencies.

However, developing and evaluating ETA prediction models
presents significant challenges in dataset quality and feature
richness. Traditional datasets rely on static sensors [1] or
trajectory-based approaches [2], which are limited in the
number of features they can capture and often lack the com-
prehensive spatial-temporal information needed for accurate
ETA prediction. Modern mobile technology and navigation
applications can generate much richer datasets with detailed
vehicle behavior, route information, and real-time traffic con-
ditions. This gap necessitates the creation of simulation-based
datasets that can capture the full complexity of traffic dynamics
with rich feature sets, enabling more sophisticated model
development and evaluation.

This work builds upon previous research in traffic prediction
and ETA modeling [11], [12], introducing an integrated sys-
tem combining two complementary components: (1) Traffic-
DSTG-Gen [3], a dataset generator that creates route-aware
dynamic spatio-temporal graphs from SUMO [4] traffic simu-
lations, and (2) TrafficLab [5], a real-time testing environment
for model evaluation and deployment. The system addresses
the critical need for both high-quality training data and robust
testing environments for ETA prediction research.

II. SYSTEM ARCHITECTURE AND METHODOLOGY

The integrated system consists of two main components
working in tandem:

Traffic-DSTG-Gen Dataset Generator: This component
generates route-aware dynamic spatio-temporal graphs from
SUMO traffic simulations. The novel approach introduces
a unique dataset structure where dynamic nodes represent
vehicles and dynamic edges capture junction-vehicle-vehicle-
junction relations, as illustrated in Fig. 1:

• Hybrid Node Structure: Dynamic nodes represent ve-
hicles, while static nodes represent junctions, enabling
comprehensive traffic modeling

• Static-Dynamic Edge Architecture: Static edges con-
nect junctions (permanent road infrastructure), while dy-
namic edges capture real-time junction-vehicle-vehicle-
junction relations that evolve with each snapshot

• Route-Aware Graph Construction: Creates graphs with
explicit route information for each vehicle, enabling ac-
curate ETA prediction

• Dynamic Node Features: 28-dimensional feature vectors
for vehicles and junctions including speed, position, route
progress, and destination information

• Temporal Sequences: Sequential snapshots for time-
series modeling with configurable time windows

TrafficLab Testing Environment: This component pro-
vides real-time testing capabilities for trained models:

• Real-time Inference: Live testing of ETA prediction
models with actual traffic data

• Performance Benchmarking: Comprehensive evalua-
tion metrics including MAE, RMSE, and prediction reli-
ability

• Interactive Visualization: Real-time dashboard showing
traffic conditions and model predictions

The system supports both offline batch processing for
dataset generation and online real-time evaluation for model
deployment, enabling researchers to develop, train, and test
ETA prediction models in a unified environment.

Dataset Generation Performance: Traffic-DSTG-Gen suc-
cessfully generates large-scale datasets with 80,000+ snap-
shots, supporting complex urban scenarios with multiple traffic
zones. The system produces route-aware graphs with 28-
dimensional node features and 7-dimensional edge features,
enabling comprehensive ETA prediction research.



Model Testing Capabilities: TrafficLab enables real-time
testing of various GNN architectures and provides users with
comprehensive results and analysis for model evaluation and
comparison, as exemplified by the MAE distribution across
different trip durations (see Fig. 2).

Integrated Workflow: The combined system supports end-
to-end research workflows from dataset generation to model
deployment, with seamless integration between SUMO simu-
lation, graph construction, and real-time testing environments.

Fig. 1. Static and Dynamic Graph Structure: Black circles (A, B, C, D)
represent static junction nodes, while green circles represent dynamic vehicle
nodes. Solid gray edges connect static junctions, while dashed blue edges
represent dynamic junction-vehicle-vehicle-junction relations that are created
and updated on each snapshot.

Fig. 2. Mean Absolute Error (MAE) vs. Trip Duration showing performance
across different trip categories. The plot demonstrates the platform’s ability
to evaluate model performance across varying trip durations, with short trips
showing lower MAE values.

III. CONCLUSION

This paper presents an integrated system combining Traffic-
DSTG-Gen dataset generator and TrafficLab testing environ-
ment for Dynamic GNN ETA prediction research. The system
addresses critical challenges in both dataset generation and
model evaluation, providing researchers with comprehensive
tools for developing and testing traffic prediction systems.

The integrated workflow from SUMO simulation to real-
time model testing enables end-to-end research in ETA pre-
diction, supporting the development of route-aware dynamic
graph neural networks. Future work will focus on extending
the platform to support federated learning scenarios and inte-
grating additional traffic data sources.

Both components are available as open-source
projects: Traffic-DSTG-Gen at https://github.com/
Ruppin-SmartTransportation/Traffic-DSTG-Gen and
TrafficLab at https://github.com/Ruppin-SmartTransportation/
TrafficLab, providing a foundation for advancing ETA
prediction technologies in smart transportation systems.
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