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Abstract—Urban traffic congestion imposes significant costs
on commuters, the local economy, and the environment, with
its prediction remaining a challenging problem due to the
complex spatiotemporal dynamics of traffic flow. In this paper,
we present a congestion prediction approach for short-term
forecasting that leverages location data from public bus data
in the city of Targu Mures, Romania. The proposed pipeline
integrates Automatic Vehicle Location (AVL) data collection, map
matching, Travel Time Index (TTI) estimation, and machine
learning-based forecasting to deliver 15-minute-ahead congestion
predictions. Ten prediction architectures of increasing complexity
were evaluated, ranging from naive baselines to recurrent and
graph-based deep learning models. The results demonstrate that
temporal traffic history is essential for accurate forecasting,
and that Graph WaveNet achieves the lowest Mean Absolute
Error (MAE =0.546), outperforming models that rely on the
fixed road graph structure. The Spatial-Temporal Identity (STID)
model achieves superior results on RMSE, MAPE, and R2,
representing an efficient alternative. The findings confirm that
publicly available AVL data can serve as a reliable and cost
effective source for urban traffic monitoring in cities lacking
dedicated sensor infrastructure.

Index Terms—traffic congestion prediction, public transporta-
tion data, automated vehicle location, applied machine learning

I. INTRODUCTION

Urban traffic congestion is a challenge in modern cities that
directly affects the costs of public and private commuting, the
surrounding environment health, and the local economy. The
ability to predict traffic congestion and issue warnings enables
road users to make informed routing decisions, allowing in
parallel traffic management authorities to respond proactively
rather than reactively [1]. Short-term traffic forecasting is
particularly useful for real-time applications, but it remains a
difficult problem due to the complex dynamics of urban traffic
flow.

Traditionally, traffic congestion prediction relies on data
from sources such as roadside infrastructure (e.g., radar de-
tectors, video recorders), that requires significant initial in-
vestment and continuous maintenance, while offering coverage
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only at fixed installation points [2], [3]. Moreover, sensors
are exposed to degradation and installation damage, further
limiting their reliability [4]. The use of video cameras and
other sensors-based systems also raises privacy concerns, as
continuously collected data may involve personally identifiable
information of pedestrians and drivers [5].

An alternative is to use public vehicles equipped with
Global Positioning System (GPS) systems that log and report
location data to a centralized server. This approach is more
cost effective and offers broader spatial coverage compared to
fixed roadside infrastructure [6]. Public transportation vehicles
represent a valuable source of such data, as they are fitted
with Automatic Vehicle Location (AVL) systems that record
vehicle location at fixed time intervals [7]. Since such vehicles
operate on fixed routes across the road network, they function
as mobile probes of the traffic stream, providing reliable and
low-cost data for traffic state estimation and Travel Time
Estimation (TTE) [3], [8].

Despite the growing interest in AVL-based traffic monitor-
ing, several research gaps remain. Most existing studies [1],
[9], [10] rely on data from large, sensor-rich cities, leaving
medium-sized urban areas underexplored. Additionally, the
suitability of state-of-the-art deep learning models for such
scenarios has not been systematically evaluated.

To address these gaps, this paper presents a short-term traffic
congestion prediction system for the city of Targu Mures
(Romania), built exclusively on GPS data collected from the
municipal public transit fleet via a publicly available source.
The main contribution of this work is three-fold:

1) A complete congestion prediction pipeline, from raw
AVL data collection and map matching to Travel
Time Index (TTI) estimation and short-term forecast-
ing, demonstrating that traffic prediction is achievable
without proprietary sensor infrastructure or specialized
datasets;

2) A comparative evaluation of several prediction mod-
els of increasing complexity (i.e., Multilayer Per-
ceptron (MLP), Gated Recurrent Unit (GRU), Long
Short-Term Memory (LSTM), Graph Neural Network



(GNN) with GATv2, Spatio-Temporal Graph Neural
Network (STGNN) with T-GCN, Spatial-Temporal Iden-
tity (STID), and Graph WaveNet) on a sparse road graph;
and

3) Evidence that Graph WaveNet achieves the lowest Mean
Absolute Error (MAE) among all evaluated architec-
tures, and that models with learned or implicit spatiotem-
poral representations outperform those relying on fixed
graph structures in sparse network settings.

The remainder of this paper is organized as follows. Sec-
tion I presents the background and the related work on
traffic data collection, road network representation, deep learn-
ing approaches on traffic prediction and traffic congestion
prediction. Section III describes the proposed approach for
short-term traffic congestion prediction. The paper continues
with Section IV where the experimental results are discussed.
Finally, Section V concludes the paper, presents the limitations
and directions for future work.

II. BACKGROUND AND RELATED WORK

A. Traffic Data Collection

Accurate traffic congestion prediction depends on the avail-
ability of reliable traffic data. Traditional roadside infrastruc-
ture has long been the backbone of urban traffic monitoring
[2], [3]. Additionally, traffic congestion research has relied
on data collected from probe vehicles such as taxis and
smartphone-based sensors [11]-[13].

In many cities, public transit buses are equipped with GPS
devices, which provide AVL data at fixed time intervals [7].
The data recorded by these units installed in buses are a
potential and reliable source of travel time and speed data.
Thus, these buses can be regarded as useful probe vehicles
for inferring traffic conditions, providing continuous and real-
time information. This data is both reliable and cost-effective
compared to other data collection methods. AVL data from
buses have proven useful in traffic studies, particularly for TTE
and profiling [8], as well as for traffic state estimation [7].

B. Road Network Representation

Modeling urban traffic as a graph-structured problem has
become standard practice in the Intelligent Transportation
Systems (ITS) literature [14], [15]. In a graph representation
of a road network, nodes correspond to intersections and
edges to road segments, allowing spatial relationships between
locations to be expressed explicitly. A popular approach in this
direction are solutions such as OSMnx [16], which automates
the retrieval and construction of directed road network graphs
from OpenStreetMap data, enabling the modeling of real-
world urban street networks. The graph formulation is essential
for traffic analysis, as it preserves one-way constraints and turn
restrictions. In this work, the road network of Targu Mures is
modeled as a directed graph using OSMnx, with intersections
as nodes and road segments as edges, onto which the bus
routes and associated GPS observations are mapped.

C. Machine Learning for Traffic Prediction

Traffic prediction methods have evolved from classical
statistical approaches toward deep learning architectures. Early
methods relied on statistical time-series models such as
ARIMA and its variants, which assume linearity and station-
arity, limiting their effectiveness in capturing the complex
dynamics of urban traffic [1]. Machine learning approaches
including Support Vector Machines (SVMs) and Random
Forests (RFs) improved upon these limitations, but required
extensive manual feature engineering and struggled with long-
range temporal dependencies [1].

Recurrent Neural Network (RNN) architectures advanced
the field by enabling models to learn from sequential traffic
histories. LSTM networks [17] address the vanishing gradient
problem inherented from standard recurrent networks, allow-
ing the model to retain relevant information over extended time
horizons. The GRU [18] offers a lighter alternative to LSTM
with comparable performance on traffic prediction tasks. Both
architectures have been widely used for short-term traffic
speed and flow prediction, by capturing the temporal dynamics
of congestion accumulation and dissipation [1].

An alternative to recurrent architectures, are graph-based
architectures which use learned embeddings that encode the
identity of each road segment and time slot. Shao et al.
[19] proposed STID, a lightweight model based on simple
MLP layers that attaches spatial and temporal identity embed-
dings directly to the input features. Despite its architectural
simplicity, STID has been shown to match or exceed the
performance of more complex STGNN architectures across
multiple benchmark datasets [19].

GNNs have become a popular approach for spatiotemporal
traffic forecasting, as they encode road network topology and
enable information propagation between adjacent segments.
The T-GCN model [14], a representative STGNN architecture,
combines a Graph Convolutional Network (GCN) for spatial
modeling with a GRU for temporal modelling, and has become
a widely used benchmark for urban traffic prediction. How-
ever, T-GCN and related models assume that the road network
graph accurately reflects the true spatial dependencies between
segments. This assumption may not hold when the graph is
sparse or incomplete.

Graph WaveNet [15] addresses this by combining causal
convolutions with a self-adaptive adjacency matrix learned
end-to-end through node embeddings. It enables the model
to discover hidden spatial dependencies without relying on
the fixed graph structure. For attention-based neighborhood
aggregation, GATv2 [20] extends the original Graph Attention
Network (GAT) by enabling fully dynamic attention and has
been shown to outperform GAT across multiple benchmarks
at no additional parameter cost.

Despite promising results, graph-based spatiotemporal mod-
els are sensitive to the density and completeness of the under-
lying graph. In the current approach, the road graph derived
from bus routes is sparse and predominantly linear, which
limits the performance of models that depend on fixed graph



connectivity. This is discussed in more detail in Section IV.
A systematic review by Attioui and Lahby [1] traced the
evolution of traffic congestion forecasting, identifying data-
related issues (including limited sensor coverage, sparse ob-
servations, and noisy inputs) as the most frequently cited
limitation. This is consistent with the challenges encountered
in the present work, where traffic observations are restricted to
road segments covered by bus routes. Additionally, the review
notes that advanced deep learning architectures achieve higher
prediction accuracy at the cost of increased computational
requirements. This reinforces the importance of selecting mod-
els that balance performance with practical implementation
restrictions, as in data-constrained urban environments.

III. PROPOSED APPROACH

The proposed system for short-term traffic congestion pre-
diction consists of the following steps: (i) data collection, (ii)
map matching, and (iii) congestion modeling and prediction.

A. Data Collection

The first step consists of collecting location data from
AVL systems and storing it in a centralized database. Each
record contains the vehicle identifier, the active route, GPS
coordinates in the form of latitude and longitude, and a
timestamp. The raw data is cleaned to remove noise and
correct positioning errors introduced by the GPS equipment.

B. Map Matching

Raw GPS coordinates do not carry information about the
underlying road structure. Map matching is a necessary pre-
processing step that associates each recorded position with
a specific edge of the road network graph. This process
allows vehicle trajectories to be expressed in terms of the
directed graph, where nodes represent intersections and edges
represent road segments. Without map matching, it would
not be possible to aggregate observations by segment or to
compute per-segment traffic indicators.

C. Congestion Modeling

To perform congestion modeling, the matched observations
are aggregated into 15-minute time windows. A tranmsit is
defined as the sequence of records generated by a single
vehicle traversing a specific road segment within one time
window. The transit time and distance are used to compute
the average speed for each segment and window. Validation
filters are applied to ensure data quality: records corresponding
to dwell time at stops and anomalous speeds caused by GPS
errors are excluded.

Based on the validated speed observations, two traffic
indicators are defined. The free-flow speed represents the
vehicle’s speed observed under uncongested conditions, and
is estimated for each segment by analyzing speed recordings
during off-peak hours (00:00-05:00), using the 85th percentile
of observed speeds. This percentile is widely used in traffic
engineering as a robust estimate of the speed at which vehicles
travel in the absence of congestion. Based on this reference

speed, the TTI (Eq. 1) is computed for each segment and time
window as the ratio of actual travel time to ideal (free-flow)
travel time:

TTaclual
)
TTideal

where T"T;wa 1S the observed travel time for the segment in
the given time window, and T'T}q, is the estimated travel time
under free-flow conditions. A TTI value of 1.0 indicates free-
flow conditions, while higher values indicate increasing levels
of congestion.

The objective of the prediction models is to estimate the
TTI for each road segment 15 minutes ahead, formulated as a
supervised regression task. The input to each model consists of
an 8-step historical window (covering the preceding 2 hours at
15-minute resolution), along with contextual features including
time of day, day of week, meteorological conditions, and static
road segment properties such as length and number of lanes.
The target variable is the continuous TTI value, capped in
the range [1.0,10.0], where the lower bound reflects free-
flow conditions and the upper bound represents an extreme
congestion threshold. For the user interface, TTI values are
mapped to discrete congestion levels (e.g., free flow for
TTI < 1.3, severe congestion for TTI > 5.0). However, all
models are trained and evaluated on the continuous scalar
value using standard regression loss functions.

TTI = (1

D. Prediction Models

To quantify the contribution of different types of infor-
mation (e.g., historical, contextual, and topological) multiple
model architectures were implemented and evaluated.

As baseline models, two naive baselines establish a mini-
mum performance threshold. The Historical Average predicts
the mean TTI for a given hour and day of week based
on historical data. The Last Value model persists the most
recent observed TTI as the prediction. Any model that fails
to outperform these baselines cannot be considered useful
in practice. The MLP was considered with two variants.
MLP-context uses only temporal (time of day, day of week),
meteorological, and static topological features, without direct
access to recent TTI observations. MLP-traffic additionally
incorporates real-time TTI observations, allowing the model
to exploit the current traffic state as a predictor.

RNNs such as GRU [18] and LSTM [17] architectures
were implemented to capture temporal dynamics by modeling
sequences of the 8 most recent TTI observations for each road
segment. The T-GCN model [14], used here as a representative
STGNN architecture, fuses graph convolutions for spatial
modeling with GRU cells for temporal modeling, thus learning
spatiotemporal dependencies on the road network graph.

A GNN model using the GATvV2 attention operator [20] is
evaluated to incorporate spatial dependencies between road
segments. Unlike T-GCN, this model does not include a
temporal component, and therefore captures only the spatial
structure of the network at each time step independently. The
STID model [19] presents an architecture based exclusively



on MLP networks with learned embedding layers for nodes
and time. Despite its simple MLP-based architecture, STID
has been shown to match or exceed the performance of
more complex spatiotemporal graph models. Graph WaveNet
[15] captures long-term temporal dependencies through dilated
causal convolutions. Thus, Graph WaveNet discovers the true
traffic topology directly from observations, making it particu-
larly suited to settings where the physical road graph does not
fully reflect the actual spatial dependencies between segments.

1V. EXPERIMENTAL RESULTS
A. Data collection and pre-processing

Bus location data was retrieved every 10 seconds from the
official public transit data of Targu Mures' via a Google
Cloud server. Each record was recorded in JSON format
and contained the vehicle identifier, active route, geographic
coordinates (latitude and longitude), and a timestamp (see
Table I). The raw data was further cleaned to remove noise
and correct positioning errors introduced by GPS equipment.

TABLE I
SAMPLE OF PUBLIC TRANSPORTATION DATA COLLECTION AT 10s
INTERVALS.

vehicle_id  route lat lon timestamp

MS100 18 46.51142 2451215  2026-01-30 12:04:59
MS100 18 46.51142  24.51215  2026-01-30 12:05:09
MS100 18 46.51142  24.51215  2026-01-30 12:05:19
MS100 18 46.51142 2451215  2026-01-30 12:05:29
MS100 18 46.51147  24.51216  2026-01-30 12:05:39
MS100 18 46.51150 24.51217  2026-01-30 12:05:49
MS100 18 46.51150  24.51217  2026-01-30 12:05:59

Due to the volume of collected data, the raw JSON files
were first flattened and converted into tabular CSV format.
During this conversion, a series of validation filters were
applied: (i) only records from mid-February to the end of April
2026 were retained, (ii) operational routes were validated using
regular expressions, excluding technical routes such as depot
trips, (iii) records with null, missing, or corrupted coordinates
were discarded, and (iv) duplicate records were removed.

Given the influence of weather conditions on traffic flow,
meteorological data was retrieved for each hourly interval of
the monitored period from the Open-Meteo archive API, using
the geographic coordinates of Targu Mures. The extracted
features include air temperature, precipitation volume, and the
World Meteorological Organization (WMO) weather code.

Raw GPS coordinates were associated with specific edges
of the road network graph before any traffic indicator can
be computed per segment. This was achieved through the
following procedure. First, spatial filtering was applied where
GPS points were intersected with buffer zones generated
around the official General Transit Feed Specification (GTFS)
routes and stops, removing outliers and distinguishing records
corresponding to vehicles in transit from those at a stop (dwell
time). Second, for computational efficiency, coordinates are

Thttps://new.transportlocal.ro/live/

spatially aggregated into 10-meter grids. For each grid cell,
the nearest edge in the road network graph is identified, and the
association is applied to all GPS points within that cell. Third,
direction correction was performed to infer the direction of
travel of either from the geometry of the official GTFS routes
or by computing the bearing between consecutive GPS points.
This ensured that each observation was correctly assigned to
the directed edge that reflects the vehicle’s actual direction of
movement.

The processed dataset contains traffic observations aggre-
gated at the road segment level in 15-minute time windows.
Each observation includes the following features:

e Traffic features: mean TTI and mean speed for the seg-

ment in the time window;

o Temporal features: time of day and day of week;

e Meteorological features: temperature, precipitation, and

WMO weather code;

o Road segment properties: segment length and number of

lanes.

Additionally, expected congestion patterns were revealed
during TTT calculation as can be seen in Fig. 1.

Mean TTI by Hour of Day: Weekday vs. Weekend

—e— Weekday
22 - Weekend

5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22
Hour of Day

Fig. 1. Mean TTI: Workday vs. Weekend

B. Evaluation Metrics

Model performance was evaluated using four standard re-
gression metrics: MAE, Root Mean Squared Error (RMSE),
Mean Absolute Percentage Error (MAPE), and the coefficient
of determination (R?). MAE measures the average absolute
deviation between predicted and actual TTI values and is
treated as the primary performance metric. RMSE penalizes
larger errors more heavily, MAPE expresses prediction error as
a percentage of the true value, and R? quantifies the proportion
of variance in the target variable explained by the model.

C. Results

The main objective of the considered models in this sys-
tem was the supervised prediction of the TTI for a specific
road segment. The prediction horizon was set to 15 minutes
ahead, using a 2-hour historical input window, representing a
sequence of 8 consecutive time steps of 15 minutes each.

To ensure an objective evaluation and prevent data leakage,
the dataset was divided chronologically: 67% for training,
16% for validation, and 17% for testing. The selection of the
best model was based on the MAE metric, as it interprets



errors linearly and maintains relevance in high-congestion
scenarios. Additionally, RMSE, MAPE , and R? were also
monitored. Since different architectures produce different out-
put structures (e.g., MLP evaluates each record independently,
while T-GCN evaluates an entire graph simultaneously), the
testing methodology included a protocol which extracted the
exact intersection of observations evaluated by all models.
This ensures that comparative metrics were computed on an
identical dataset.

The results in Table II confirm the theoretical assumptions
of the study. The poor performance of the MLP-context model
(M AE = 0.728), which underperformed even the naive Last-
Value model, demonstrates that relying solely on calendar
and topological data is insufficient. This confirms that recent
traffic observations are an essential input for accurate short-
term forecasting. With the introduction of sequential histor-
ical data (2 hours) through recurrent models such as GRU
(M AE = 0.580), prediction error decreased significantly. On
the other hand, the spatial model (GNN, M AE = 0.632)
delivered better results, confirming that road topology alone,
without temporal dynamics, tends to smooth values and cannot
accurately anticipate congestion peaks.

TABLE I
MODEL PERFORMANCE EVALUATION.

Model MAE RMSE MAPE (%) R?

Last Value 0.709 1.503 36.8 0.168
Historical Average  0.644 1.311 28.4 0.367
MLP-context 0.728 1.382 29.3 0.297
MLP-traffic 0.626 1.272 26.9 0.404
GRU 0.580  1.195 25.1 0.460
LSTM 0.576 1.191 25.2 0.464
GATV2 0.632 1.308 28.7 0.370
T-GCN(STGNN) 0.686 1.420 28.4 0.272
STID 0.571 1.176 25.1 0.501
Graph WaveNet 0.546 1.213 27.2 0.470

The best overall performance (Fig. 2) on the primary metric
was achieved by Graph WaveNet (M AE = 0.546), whose
ability to model long-term temporal dependencies and discover
hidden spatial correlations proved to be particularly effective in
a sparse road graph. However, STID achieved superior results
on RMSE, MAPE, and R? (Table II), indicating that it explains
a greater proportion of the variance in TTI and is more robust
to larger prediction errors. The findings suggest that the choice
between Graph WaveNet and STID may depend on the opera-
tional priority: Graph WaveNet is preferable when minimising
average prediction error is critical, while STID offers better
overall fit and is a computationally lighter alternative. For
the deployed warning system, Graph WaveNet was selected
based on its MAE performance, as this metric most directly
reflects the average deviation in predicted congestion levels
experienced by road users.

Graph WaveNet

STID

LST™M

GRU

MLP-traffic

GATV2 0.632

Hist. Avg 0644

T-GCN 0.686

Last Value }a.mg

MLP-context | 0728

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
MAE

Fig. 2. Model ranking by MAE.

D. Implementation

The system was implemented as a publicly available appli-
cation” that provides real-time, road-level congestion forecasts
for Targu Mures, Romania, built exclusively on GPS telemetry
broadcast by the municipal public transit fleet. The pipeline
processes raw location records through map matching, seg-
ment aggregation, and TTI estimation to produce a 15-minute
time series enriched with temporal and meteorological context,
as described in Section III.

The prediction backend exposes a REST API, which serves
TTI forecasts 15 minutes ahead for each monitored road
segment. A Streamlit’-based dashboard presents these pre-
dictions and renders them on an interactive map of the city,
allowing users to inspect the predicted congestion level for
any monitored segment at a selected future time. An example
of the interface is shown in Fig. 3.

V. CONCLUSION

This paper presents a short-term traffic congestion predic-
tion system built on AVL data collected from the municipal
public transit fleet of Targu Mures, Romania. The proposed
pipeline demonstrates that accurate short-term congestion fore-
casting is achievable using only publicly available transit data,
without dedicated sensor infrastructure.

A comparative evaluation of multiple prediction architec-
tures demonstrated that incorporating temporal traffic history is
essential for accurate congestion forecasting. Graph WaveNet
achieved the lowest MAE, while STID outperformed Graph
WaveNet on RMSE, MAPE, and R2. This suggests that
lightweight embedding-based models are a viable and efficient
alternative when network coverage is sparse. These results
confirm that publicly available AVL data can serve as a reliable
and cost-effective source for urban traffic monitoring and
short-term congestion prediction.

This study has several limitations. The primary limitation is
that the road graph was constructed exclusively from segments
covered by bus routes, leaving residential and peripheral
streets unobserved. This restricts the coverage of the system.

Zhttps://github.com/lucikis/Traffic-congestion-prediction
3https://streamlit.io/
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Fig. 3. Congestion map interface displaying predicted TTI values for the Gheorghe Doja Street at 17:00. The dashboard summarises city-wide statistics at
the selected time: Monitored edges, Avg. TTI, Free flow, Moderate, Heavy/Severe.

Additionally, the dataset spans approximately two and a half
months, preventing the model from capturing seasonal traffic
patterns. Moreover, the system was validated on a single city,
and its generalisability to other medium-sized urban areas has
not been assessed. A further limitation concerns the absence of
external validation, as no independent ground-truth references
were used.

As future work, we consider extending data collection to
allow the model to capture annual traffic cycles, including
holiday periods and school breaks. Additionally, adding data
sources such as cellular probe data or taxi GPS traces would
provide more dense data beyond the bus route coverage. A
third direction is the evaluation of transfer learning approaches
to assess whether models trained on Targu Mures can be
adapted to other cities with limited sensor infrastructure.
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