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ABSTRACT

Urban traffic congestion imposes severe economic
costs yet existing navigation platforms operate
reactively, routing vehicles based on present-
moment conditions without anticipating how traffic
will evolve during an ongoing journey. This paper
presents VehicleNet, an open-source end-to-end
intelligent transportation system combining SUMO
microscopic traffic simulation, TraCl-based
automated data collection, a PyTorch LSTM-
Attention neural network, and a Flask web
application for interactive predictive routing over
the Luxembourg SUMO Traffic (LuST) network
(2,156 road edges). A 60-second collection pipeline
captures five traffic features per edge and persists
them in SQLite. The forecasting model predicts
edge-level speed, density, and travel time at +5, +10,
and +15 minute horizons, achieving R2 of 0.89, 0.84,
and 0.78 respectively. A forecast-aware Dijkstra
engine computes routes minimising predicted
journey-horizon travel time. A canvas-based web
interface renders real-time four-tier colour-coded
congestion maps and per-edge forecast tooltips. All
46 test cases pass at 100%. Route computation
completes in 120 ms and model inference in 8 ms
per edge on standard desktop hardware.

Keywords—SUMO; TraCl; Traffic Forecasting;
LSTM; Predictive Routing; Flask; SQLite; LuST,;
Intelligent Transportation System; Python

I. INTRODUCTION

A. Problem Context

Metropolitan road networks form the economic
circulatory system of modern cities, and their
congestion directly erodes productivity, air quality,
and public health. The TomTom Traffic Index
estimates that commuters in major Indian cities lose
approximately 60 minutes per working day to
avoidable delay, contributing to an annual economic
burden of roughly 1.5 lakh crore in wasted fuel and

lost output [1]. While commercial navigation
platforms such as Google Maps have transformed
commuter  experience  through  widespread
deployment, their fundamental operating paradigm is
reactive: they estimate current average speeds from
anonymised smartphone telemetry and compute
routes that minimise instantaneous travel time at the
moment of departure.

This reactive paradigm carries a structural blindness:
the traffic state at departure is not the traffic state
that will prevail at each road segment as the vehicle
progresses through a 20-40 minute journey. A
corridor that appears clear at departure may be
deteriorating into gridlock, while an apparently
slower alternative might clear in the same interval.
Without forecasting how conditions will evolve,
reactive routing cannot resolve this temporal
mismatch and may systematically route vehicles into
developing congestion [2].

A second critical gap is the fragmentation of the
research toolchain. SUMO (Simulation of Urban
Mobility), the premier open-source microscopic
traffic simulator, provides unparalleled fidelity in
modelling individual vehicle behaviour at
intersections and lane changes, but offers no native
forecasting or routing capability. Machine-learning
forecasting prototypes in the academic literature
operate on static historical datasets without live
simulation integration. The absence of a unified
platform that combines realistic simulation,
automated data collection, machine learning
forecasting, and accessible user routing constitutes
the specific engineering gap that VehicleNet is
designed to close [3].

B. VehicleNet System Overview

VehicleNet integrates five components: a SUMO
simulation layer running the LuST scenario; a
Python TraCl interface polling edge statistics every
60 seconds; a SQLite persistence layer with
compound-indexed schema; a PyTorch forecasting
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model with stacked LSTM, multi-head attention, and
three parallel forecast-horizon output branches; and
a Flask web application serving an interactive
canvas-rendered traffic map with origin—destination
selection and forecast-aware route computation.

C. Contributions

1. A reproducible open-source pipeline from
SUMO simulation through automated SQLite
data collection, LSTM-Attention model training,
predictive Dijkstra routing, and Flask web
visualisation, deployable on a standard Windows
workstation without cloud infrastructure.

2. A PyTorch forecasting architecture achieving
R2=0.89 at the 5-minute horizon trained entirely
on LuST simulation data, with a multi-head
output design producing consistent predictions
across three forecast horizons.

3. A time-progressive forecast-aware routing
algorithm that queries the trained model at each
Dijkstra edge relaxation step using accumulated
journey time as the forecast offset, computing
paths optimal over the journey horizon.

4. A 46-case test suite at unit, integration, system,
and performance levels achieving 100% pass
rate, establishing a reproducible benchmark for
integrated traffic simulation—forecasting
evaluation.

1. RELATED WORK

A. Traffic Simulation

Krajzewicz et al. [4] provided the canonical
overview of SUMO, documenting its individual
vehicle model with KrauB car-following dynamics,
MOBIL lane-change logic, and the TraCl (Traffic
Control Interface) protocol that enables external
Python applications to query and control a running
simulation. Codeca et al. [5] introduced the LuST
scenario, a validated Luxembourg urban network
calibrated against national mobility survey data, with
realistic peak—off-peak demand variation across
2,156 edges and over 1,000 signalised intersections.
LuST has become the de-facto benchmark for urban
simulation research. Lopez et al. [6] extended the
SUMO ecosystem description, covering Python
TraCl bindings, large-scale network performance,
and integration patterns that form the technical
foundation of VehicleNet’s collection pipeline.

B. Traffic Forecasting

Vlahogianni et al. [7] surveyed three decades of
short-term traffic forecasting, identifying non-
linearity, temporal autocorrelation, and spatial
propagation as the three core challenges any
competitive model must address. Lv et al. [8]
demonstrated that deep stacked autoencoder
architectures capture non-linear traffic dynamics
more effectively than classical ARIMA or k-NN
approaches on PeMS motorway data. Yu et al. [9]
advanced the state of the art with Spatio-Temporal
Graph Convolutional Networks (STGCN) that
simultaneously capture temporal dynamics through
gated convolutions and spatial congestion
propagation through graph convolutions, producing
state-of-the-art accuracy on multiple urban datasets.
VehicleNet’s forecasting module employs LSTM
layers for temporal dependency modelling and
multi-head self-attention for adaptive historical
weighting, trained directly on simulation-generated
data without requiring external labelled datasets.

C. Predictive Routing

Hegyi et al. [10] provided theoretical and empirical
validation that incorporating future traffic state
estimates into routing decisions measurably reduces
travel time compared to reactive approaches,
establishing the predictive routing paradigm. Wang
et al. [11] extended this with V2V-enhanced data
collection, showing that inter-vehicle information
sharing improves prediction accuracy under unusual
conditions not well-represented in historical
baselines. VehicleNet operationalises the Hegyi
paradigm within the SUMO ecosystem: the modified
Dijkstra algorithm queries the trained model at each
edge relaxation step using accumulated journey time
as the horizon offset.

D. Research Gaps

Three gaps motivate VehicleNet: (1) no existing
open platform seamlessly integrates live SUMO
simulation, automated data collection, ML
forecasting, and user-accessible routing in a single
application; (2) traffic forecasting research produces
command-line prototypes inaccessible to non-
technical  transportation  planners; (3) no
standardised, reproducible benchmark exists for
evaluating integrated simulation—forecasting—routing
systems. VehicleNet addresses all three.

I11. SYSTEM DESIGN
A. Layered Architecture
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VehicleNet follows a six-layer data pipeline. The
Simulation Layer runs the LuST scenario in
SUMO 1.18, launched via Python subprocess.Popen
with command-line arguments including the
scenario  configuration  (due.actuated.sumocfg),
TraCl remote port 8813, --start for immediate
execution, and --time-to-teleport -1 to disable
vehicle teleportation that would distort density
measurements. The Control Layer maintains a
traci.init(8813) connection, polling
traci.edge.getTraveltime(),
traci.edge.getLastStepVehicleNumber(), and
traci.edge.getLastStepMeanSpeed() for all 2,156
edges every 60 seconds. The Data Layer writes each
collection batch to SQLite as a single executemany()
transaction with three compound indexes. The
Forecasting Layer loads a trained PyTorch model
and serves per-edge predictions at 8 ms inference
latency. The Application Layer exposes six Flask
REST endpoints. The Presentation Layer renders the
network on an HTMLS5 canvas at 60 FPS with four
congestion-tier colours.

B. Database Schema

A single SQLite table (edge states) stores five
features per edge per collection cycle: id (INTEGER
PRIMARY KEY AUTOINCREMENT), edge_id
(TEXT), speed (REAL, m/s), density (REAL,
vehicles/km), travel_time (REAL, s), vehicle_count
(INTEGER), and timestamp (INTEGER, simulation
seconds). Three indexes are created at initialisation:
idx_edge_id (single-edge filtering for inference),
idx_timestamp (time-window queries for export),
and idx_edge_timestamp (edge+window queries for
training-data loading). The database grows at
approximately 85 MB per simulated hour, requiring
a retention policy for extended runs.

C. Forecasting Model

The TrafficForecastModel accepts input of shape
(batch, 60, 3) and produces output of shape (batch,
3, 3) representing three horizons and three features.
A two-layer stacked LSTM (hidden dimension 64,
20% inter-layer dropout) processes the input
sequence, producing a (batch, 60, 64) hidden
sequence. A four-head self-attention module weights
the LSTM outputs, enabling the model to attend to
historically significant patterns beyond the most
recent observations. Three parallel output branches
(Linear(64—32)—-ReLU—-Linear(32—3))
independently generate the +5, +10, and +15 minute

predictions. All parameters are shared in the LSTM
encoder, improving data efficiency. The mean
squared error loss is averaged over all horizons and
features:

L = (I/nm) - X (y7ed — yu29) (1)
where n is the batch size and m = 9 (3 horizons x 3

features). Adam optimisation at learning rate 0.001
with batch size 32 is used for 10 epochs over an

SeBC - AS T e

D. Forecast-Aware Dijkstra Routing

The routing engine builds a directed junction—edge
graph from lust.net.xml using sumolib.net.readNet().
The forecast-aware variant modifies the edge weight
function: at each Dijkstra relaxation step for node u
with accumulated distance d_u, the travel time for
outgoing edge e is retrieved by querying the
forecasting model for edge e at horizon offset d_u
rather than the fixed departure time. This time-
progressive weighting selects paths optimal for the
traffic state the vehicle is predicted to encounter at
each segment, rather than the state at departure.
When forecast mode is disabled, the function returns
traci.edge.getTraveltime(edge_id),  making  the
algorithm a standard reactive Dijkstra.

TABLE I. PERFORMANCE AND ACCURACY
METRICS

Metric Measured‘ Target ‘ Result

Forecast R2

(+5 min) 0.89 > 0.80 v’ Pass

Forecast R2

(+10 min) 0.84 >0.75 v Pass

Forecast R2

(+15 min) 0.78 >0.70 v Pass
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Metric Measured = Target Result

MAE speed

(+5 min, m/s) 1.2 <20 v/ Pass

MAE travel
time (+5 min, 35 <5.0 v Pass

s)
Route

computation 120 <500 v Pass
(ms)

Model
inference / 8 <50 v Pass
edge (ms)

Network state
API (ms)

Data
collection 3.2 <60 v Pass
2156 edges (s)

45 <200 v Pass

Total test pass

0
rate 46/46 100% v Pass

IV. IMPLEMENTATION

A. Technology Stack

VehicleNet is implemented in Python3.10.11 on
Windows 11. The simulation uses SUMO 1.18.0
with LUST (lust.net.xml, due.actuated.sumocfg). The
TraCl interface uses the traci library bundled with
SUMO. Storage uses SQLite 3.42.0 via the Python
sglite3 module. The forecasting model uses
PyTorch 2.0.1 (torch.nn.LSTM,
torch.nn.MultiheadAttention). Data preparation uses
NumPy 1.24.3 and pandas2.0.3. The web server
uses Flask 2.3.3 with an HTML5 Canvas front-end.
Network parsing uses SUMO’s sumolib library.

B. Simulation Controller

The SimulationController class manages the SUMO
subprocess lifecycle and TraCl connection. It
launches SUMO via subprocess.Popen and
establishes traci.init(port) after a configurable startup
delay, with retry logic using exponential backoff to
handle the race condition between SUMO process
initialisation and TraCl readiness. In headless mode,
the CREATE_NO_WINDOW flag suppresses
console  windows. The controller  exposes
simulation_step(),  get_simulation_time(),  and
stop_simulation() to the application layer.

Connection health is monitored at each step; on loss
of connection the controller attempts automatic
reconnection.

C. Data Collector

The DataCollector daemon thread wakes every 60
seconds, builds a list of (edge_id, speed, density,
travel_time, vehicle_count, timestamp) tuples for all
2,156 edges, and commits the batch with
cursor.executemany() in a single atomic transaction.
Edge lengths are cached at startup from
traci.edge.getLength() calls to avoid repeated round-
trips. The collector prints a progress message after
each successful cycle confirming the number of
edges collected and the current simulation time. The
database manager creates all three indexes on first
connection using CREATE INDEX IF NOT
EXISTS statements.

D. Key Code: Forecasting Model

class TrafficForecastModel(nn.Module):
def __init__(self,input_dim=3,hidden_dim=64,

num_layers=2,output_dim=3,num_horizons=3):
self.Istm = nn.LSTM(input_dim, hidden_dim,
num_layers, batch_first=True,
dropout=0.2)
self.attention =
nn.MultiheadAttention(hidden_dim,4)
self.output_layers = nn.ModuleL.ist([

nn.Sequential(nn.Linear(hidden_dim,32),nn.ReL

nn.Linear(32,output_dim))
for _in range(num_horizons)])
def forward(self, x):
Istm_out,(h,c) = self.Istm(x)
attn_out, =
self.attention(lstm_out,Istm_out,Istm_out)
last = attn_out[:,-1,:]

return torch.stack([i(last) forlin
self.output_layers],1)

E. Flask API Endpoints

Six REST endpoints serve the web interface. GET /
delivers index.html. POST /api/connect triggers
SUMO launch and TraCl initialisation. GET
lapi/network-state returns current travel times and
vehicle counts for all edges as JSON, consumed by
the canvas renderer every second. POST /api/select-
edge stores the chosen origin or destination edge.
POST /api/compute-route runs the Dijkstra
algorithm (reactive or predictive mode) and, in
forecast mode, batches all route-edge predictions
into a single model forward pass before returning
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path, per-edge forecasts at three horizons, and total
estimated travel time. POST /api/export-data writes
the full edge_states table to a user-specified CSV
path.

V. RESULTS AND DISCUSSION

A. Forecasting Model Performance

The LSTM-Attention model was trained on
approximately 960,000 edge-state records collected
from an 8-hour LUST simulation run. An 80/20 time-
based train—test split was applied with the final 20%
of simulation time withheld to prevent temporal
leakage. At the 5-minute forecast horizon the model
achieves MAE of 1.2m/s for speed and 3.5s for
travel time, with R*=0.89 indicating that 89% of
future edge speed variance is explained by the 60-
minute historical input sequence. Performance
decreases predictably with horizon: at 15 minutes,
MAE rises to 2.3 m/s (speed) and 7.1 s (travel time)
with R2=0.78. A speed prediction error of 2.3 m/s
on a road segment typically produces a travel time
error of 3-8 seconds per segment, which is
acceptable for route comparison when alternative
paths differ by tens of seconds.

An ablation experiment confirmed the value of the
self-attention layer: replacing it with a direct linear
readout from the final LSTM hidden state reduced
the 15-minute R? from 0.78 to 0.73. The multi-
horizon training strategy — sharing the LSTM
encoder across all three output branches —
improved data efficiency compared to three
independently trained single-horizon models: the
shared-encoder approach achieved 15-minute
R2=0.78 versus 0.74 for the single-horizon variant
trained on equivalent data.

B. System Performance

Route computation between arbitrary origin—
destination pairs across 2,156 edges averages 120 ms
in forecast-aware mode. For a typical 35-edge route,
model inference for all edges is batched into a single
forward pass requiring approximately
8 x 35=280ms of raw inference, reduced to 120 ms
through batch processing. The network state API
returns in 45 ms, enabling smooth 1-second canvas
refresh cycles. Data collection for all 2,156 edges
completes in 3.2 seconds, representing 5.3% of the
60-second collection interval and leaving ample
headroom for simultaneous simulation advancement
and web serving. The Ul renders at a stable 60 FPS
through level-of-detail optimisation that only re-

renders edges whose congestion ratio changed by
more than 0.1 since the previous frame.

C. Test Results

All 46 test cases pass at 100%. Unit testing (20
cases) verified individual module behaviour
including SUMO launch and failure handling, TraCl
connection, edge data collection, database insertion
and query, CSV export, Dijkstra routing with valid
and invalid edge IDs, forecasting model forward-
pass output shape, and Flask endpoint status codes.
Integration testing (10 cases) verified data flow
between module pairs and an end-to-end workflow
case. System testing (10 cases) validated user-facing
scenarios including live visualisation colour coding,
route display, and forecast tooltip rendering.
Performance testing (6 cases) confirmed all latency
and throughput targets in Table I.

D. Comparison with Existing Systems

TABLE Il. FEATURE COMPARISON —
VehicleNet vs. EXISTING SYSTEMS

Google Sl Aca:gem
Feature 9 O VehicleNet
Maps Prototy
Only
| pes
Real-
- v Yes
time v o
simulati X No Yes @ Limited (SUI\é?+Tr
on aCl)
Traffic Hisotori X v LSTM-
forecasti cal NO v Yes Attention, 3
ng only horizons
Predicti X ° v/ Forecast-
ve X No . aware
routing No | Limited Dijkstra
User- v ) 4
friendly . Expe v Web, no
interfac M;b”e rt X No CLI needed
e PP L
O
Open- wno Y sometim ¥ Fully
source Yes es reproducible
Integrat X v SQLite
eddata | X No No X No auto-
pipeline collection
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Table IT confirms that VehicleNet uniquely satisfies
all six criteria simultaneously. Google Maps lacks
simulation and forecasting research capabilities.
SUMO alone provides microscopic simulation
without forecasting or accessible routing. Academic
prototypes offer state-of-the-art models but operate
on static datasets without live integration.
VehicleNet addresses the integration gap identified
in the literature review by providing all capabilities
in a single application.

F. Results

V1. CONCLUSION

This paper presented VehicleNet, an integrated,
open-source intelligent transportation system that
unifies SUMO microscopic traffic simulation,
TraCl-based automated data collection, PyTorch
LSTM-Attention traffic forecasting, and Flask-based
predictive web routing in a single locally deployable
Python application on the LuST urban network. All
six project objectives were achieved with
measurable evidence, and all 46 test cases passed at
100%.

1. The LSTM-Attention forecasting model
achieves R?=0.89 at the 5-minute horizon

trained entirely on simulation-generated data,
without requiring external labelled datasets. The
multi-head shared-encoder architecture improves
both data efficiency and cross-horizon prediction
consistency.

2. The forecast-aware Dijkstra routing engine
adds only 75ms overhead relative to reactive
routing for typical 35-edge routes, a negligible
cost relative to the journey-optimisation benefit
in congested networks.

3. The Flask web interface makes SUMO
simulation and machine learning forecasting
accessible to non-technical users for the first
time in a single integrated open-source platform,
closing the usability gap between academic
research and practical transportation planning.

4. The 46-case test suite on the standardised LuST
benchmark provides a reproducible evaluation
framework for future integrated traffic
simulation—forecasting systems to compare
against.

Eight future enhancements are planned: graph neural
network integration for spatial congestion
propagation; real V2V  simulation through
OMNeT++ integration; multi-city scenario support
via OpenStreetMap conversion; Docker
containerisation for cloud deployment; a React
Native mobile companion application; adaptive
traffic signal control through TraCl signal
manipulation; Bayesian uncertainty quantification
for forecast confidence intervals; and a live traffic
data ingestion pipeline for hybrid real-simulated
operation.  Collectively these will advance
VehicleNet toward a production-grade platform
applicable to municipal traffic management
operations.
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