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ABSTRACT

Traffic control and management play a crucial role within intelligent transportation systems. However, compre-
hensive traffic monitoring is often constrained by the limited availability of traffic sensors across urban road
networks. This paper addresses the problem of Traffic Flow Reconstruction (TFR), which aims to estimate traffic
conditions over an entire road network starting from a few sparse traffic sensor measurements. This approach
does not require full road coverage by sensors, thereby reducing deployment costs and supporting sustainable
urban mobility. In the present research, we propose a lightweight Graph Neural Network (GNN) architecture for
real-time TFR using data from a few number of fixed sensors. The model exploits a carefully designed road graph,
explicitly augmented to capture traffic propagation and backpropagation effects at junctions, and well-studied
node features augmented though a learned encoder. Compared to classical Partial Differential Equations-based
TFR solutions, the proposed method achieves satisfactory estimation accuracy while significantly reducing setup
times by avoiding scenario-dependent optimizations and precomputation of traffic flow distributions at junctions.
Moreover, it overcomes the limitations of existing GNN-based approaches, which often rely on complex archi-
tectures that are difficult to adapt to different urban contexts without reprocessing them. Extensive experiments
have been conducted and presented in this paper taking into account different moments of the year, various
road graph representations and sensors’ positioning, and multiple city environments. Results demonstrate the
robustness, generalization capability, and computational efficiency of the proposed approach, making it suitable

for large-scale and real-world mobility and transport applications.

1. Introduction

Urban mobility is one of the main criticism cities have to face nowa-
days. Indeed, achieving sustainable mobility solutions is one of the UN
Sustainable Development Goals (United Nations, 2026). It is required to
provide municipalities and decision makers with tools and solutions to
address such problems. Intelligent Transportation Systems (Elassy et al.,
2024) and, more recently, Smart City Digital Twins (Adreani et al.,
2024b) can exploit the ever-increasing amount of data to implement
decision support systems helping to design, test, and deploy improved
mobility solutions (Bellini et al., 2023). Among the different mobility
domains - e.g., public transport planning, security and safety, freight lo-
gistics, shared mobility - traffic control and management are probably
the most relevant since they can impact on all the other domains.

Traffic flow estimation is related to compute the current traffic con-
ditions across all segments of a road network. This real-time informa-
tion is essential for a wide range of intelligent transportation services,
including adaptive route planning (Liu et al., 2022; Wang et al., 2024),
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traffic light optimization (Bilotta et al., 2025; Bouktif et al., 2023; Ku-
mar et al., 2024), congestion management, traffic reduction strategies
(Adreani et al., 2024a; Anciaes et al., 2025; Cheng et al., 2024), and
monitoring of fuel usage and emission levels (Alam et al., 2025; Bilotta
& Nesi, 2022; Caraveo Mena et al., 2025; Linardatos et al., 2023).

Within the scope of traffic flow theory, it is important to distin-
guish between Traffic Flow Reconstruction (TFR), Traffic Flow Predic-
tion (TFP), Missing Data Imputation (MDI), and Traffic State Estimation
(TSE).

TFR has the primary objective of estimating the complete traffic state
across an entire road network, starting from a sparse set of measure-
ments. In particular, this paper focuses on urban traffic, a more com-
plex scenario with respect to extra-urban or highway cases. Traffic mea-
surements are typically collected from a very limited number of sensors
placed at fixed locations, such as video cameras or inductive loop detec-
tors (Gheorghiu et al., 2021; Lee et al., 2023; Thabit et al., 2024). These
tools can provide data on vehicle count, traffic density, and speed. How-
ever, due to environmental and budget constraints, no city is able to de-
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ploy sensors on every road segment. To overcome this limitation, TFR
algorithms are employed to estimate conditions in unmonitored areas
based on available data. TFR is formulated over a road graph, where sen-
sors provide data only at certain nodes, i.e., roads, and the goal is to infer
the traffic flow across the remaining unmeasured nodes. In this context,
the estimation of the traffic distribution at junctions plays a crucial role
in the effectiveness of the solution in real context for large networks
(Bilotta et al., 2024; Bilotta & Nesi, 2021; Cardaliaguet & Souganidis,
2024; Khan et al., 2022; Saliev & Damyanov, 2024).

TFP focuses on forecasting future traffic conditions (over short- or
long-term horizons) at specific locations. Traffic prediction has been ex-
tensively studied using Machine Learning and Deep Learning models
(Bilotta et al., 2022; Khan et al., 2023; Li & Wang, 2025; Zheng et al.,
2024). These methods aim to forecast traffic volumes or congestion lev-
els at specific points where sensors are available.

MDI problem is a general issue that focuses on recovering incomplete
information in datasets (Adhikari et al., 2023; Sun et al., 2022), and it
is sometimes confused with TFR. However, there are important differ-
ences. Missing data imputation methods typically assume that most of
the data is available, and only a small percentage of values are missing.
Then, these methods are designed for scenarios where the underlying
data matrix or graph is mostly complete. This does not appear in TFR
approaches, since an extrapolation approach passing from few sensors’
data to thousands traffic flow segments is generally assumed.

TSE is another related concept, which shares some goals with TFR
but differs in methodology and assumptions. The aim of TSE is to esti-
mate traffic conditions using partial observations combined with data
from multiple heterogeneous sources. These sources can include fixed
sensors, GPS data from probe vehicles, mobile apps, crowdsourced data,
etc. (Xing et al., 2022). Note that, except for sensor data, other consid-
ered sources are usually difficult to acquire due to high costs or privacy
concerns. TSE typically relies on the integration of physical models with
observed data to produce accurate traffic estimates (Raissi et al., 2019;
Syum Gebre et al., 2025). However, this approach assumes the avail-
ability of large quantities of data from various sources, which may not
always be feasible in practice. Moreover, TSE often involves very com-
plex and heavy model architectures, such as black (GNNs), Transformed-
Based models, Physics-Informed Neural Networks (PINNs), and Large
Language Models (LLMs) for capturing spatial and temporal dependen-
cies. In particular, most existing approaches are evaluated using stan-
dard datasets for motorway scenarios, such as the Caltrans Performance
Measurement System (PeMS). However, these datasets are not directly
comparable to urban traffic scenario involving complex interactions at
junctions, traffic congestion, different types of roads and the associated
variability in traffic conditions. As noted in Xing et al. (2022), traffic
estimation in the complex environment of urban road network is more
difficult than in highways.

TFR methods can be generally classified as model-driven and data-
driven. Model-driven methods rely on physical traffic models, which
treat traffic flow as fluid dynamics and require complex handling of
traffic distribution at junctions. Model-driven also includes agent-based
simulations, such as SUMO (Lopez et al., 2018; Santana et al., 2018),
where individual vehicles are modelled as agents. On the other hand,
data-driven approaches either simply use statistical and machine learn-
ing techniques to infer traffic states directly from observed data or in-
tegrated physical models with advanced machine learning methods. In
general, model-driven approaches require significant efforts to deter-
mine traffic distribution at junctions, often by using nonlinear partial
differential equations (PDEs). On the other hand, data-driven methods
are rarely used since, usually, exploits complex and heavy architec-
tures and requires high data volumes (not easy to acquire), thus limiting
their applicability on unseen scenarios without continuous calibration
or training.

For these reasons, this paper proposes an novel learning-based ap-
proach to solve the TFR problem in the challenging urban context. The
proposed method implements a simple, lightweight, and robust architec-
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ture, based on GNN, able to provide accurate reconstructions using only
very limited data in few fixed locations provided by municipal sources.
Such a result has been achieved by introducing carefully designed fea-
ture encoding layers that enable the network to learn the importance
of road characteristics avoiding the need for convoluted architectures
and models, like recurrent network or transformers, to explicitly model
temporal aspects, thus allowing easier training and deployment. In addi-
tion, a specific graph structure design is proposed to better capture traf-
fic propagation. In this way, the presented method can learn how traffic
conditions evolve over time and propagate through space, accurately re-
flecting the real-world scenarios. Indeed, traffic condition evolution is
typically modeled through fluid dynamics approaches, and those meth-
ods require more computationally intensive training and simulation pro-
cesses in model-driven fields. In contrast, the proposed GNN is optimized
to minimize computational time, offering a general and efficient solu-
tion for real-time TFR.
This paper provides the following main contributions:

e A lightweight neural network to solve the TFR problem in urban
contexts. The network is composed by GNN and fully connected net-
work (FCN) and exploits a carefully designed feature definition and
learned encoding together with a specific road graph representation.

e A specific training strategy exploiting a leave-one-out
schema in order to train the network using only data coming
from very few traffic sensors, thus not requiring a ground truth
density for all the road segments.

e A continuous traffic density estimation strategy to apply the pro-
posed solution on real scenarios, made robust to missing sensor ob-
servations with the use of typical time trends computed by averaging
historical data.

¢ A detailed ablation study showing the relevance of various compo-
nents of the architecture, the impact of the road graph modelling,
and that the continuous estimation strategy can be reliably initial-
ized with zero values, without relying on costly or complex initial-
ization schemes.

e An extensive experimental analysis demonstrating the capability of
the proposed solution to work on different time periods, different
sensors’ positions, and diverse urban contexts, highlighting its accu-
racy and robustness on unseen scenario without retraining or fine-
tuning.

The paper is organized as follows. In the next section (Section 2) re-
lated works are presented and discussed, highlighting current limits. In
Section 3, the proposed method is described in detail, including input
data modelling, training algorithm and loss function, and neural archi-
tecture. In Section 4, the test setup is illustrated, presenting the different
datasets, the metric used, and the recursive estimation strategy. Exper-
iments are reported in Section 5, including ablation studies and results
on unseen scenarios. Finally, in Section 6, conclusions are drawn.

This work has been carried out in the context of the Italian National
Center for Sustainable Mobility (CN MOST) Spoke 9 (Alberti et al., 2023)
and Spoke 8 flagship project OPTIFaaS and scalability project SASUAM.

2. Related works

In recent years, GNNs have been widely applied across various do-
mains due to their ability to analyze graph-structured data, and their
use in transportation has grown significantly. Generally, in the context
of GNNs, traffic flow issues are investigated by means of studies aimed
at improving the efficiency of existing Graph Convolutional Network
(GCN) models. A survey can be found in Rahmani et al. (2023).

Most current approaches primarily address challenges related to
MDI, which differ from a typical TFR approach. Unlike these tasks,
which operate in dense datasets and primarly aim to fill gaps in ob-
servations, TFR provides the reconstruction of the entire traffic state
across a network from extremely low number of measurements. In this
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way, TFR is a highly underdetermined problem, requiring both informa-
tion about the propagation across the graph and structural and physical
constraints, particularly at the network junctions where the flow distri-
bution is unknown. In the following, we discuss some related works in-
volving different approaches, such as classical GNNs, LLM-based meth-
ods and phisics-informed models, highlighting their limitations in the
context of TFR.

In GNN framework, much research is related to the task of recon-
structing missing data at the nodes of a graph. For example, the work in
S and Zacharias (2024) focuses on the reconstruction of missing data
using a GCN architecture. The graph dataset is first partitioned into
clusters in an unsupervised manner using the K-means clustering al-
gorithm. Then, a Gaussian Mixture Model (GMM) is employed to ini-
tialize the missing values within each cluster. For each cluster, a GCN
combined with Matrix Factorization (GCN-MF) is applied. Finally, the
reconstructed matrices from all clusters are merged and passed through
a standard GCN model for further processing. In Xia et al. (2024) a MDI
approach using autoencoders has been developed, in particular a dual
GCN encoder to encode structural information and attribute informa-
tion and a multiscale decoder with masked nodes to extract node recon-
structions. The work in Chen and Chen (2022) deals with missing traffic
data: a reinforced dynamic GCN is proposed to simultaneously conduct
both missing data imputation and traffic prediction. In Liu et al. (2019),
a graph based-theory neural network is applied to characterize traffic
correlations from taxi probes, where, on average, 17,716 road segments
(30.4% of all) are traveled by taxis in a timeslot.

The above-mentioned approaches address a general topic which is re-
lated to the reconstruction of missing data within graphs and the strate-
gies for recovering of such data. However, when such approaches are
applied to the specific problem of TFR from a limited number of con-
trol points, then they present several limitations. More precisely, the
architectural complexity appears not appropriate to the objective of the
present work. A key limitation of such approaches is that, as the amount
of missing data increases, the reconstruction error rises and the accuracy
drops significantly. Moreover, even in the most challenging setting, for
example those considered in Chen and Chen (2022), Liu et al. (2019),
where up to 70% of the data is missing, at least 30% of the observations
still remains available. This is completely different from TFR scenarios,
where only 1-3% of the data is accessible, making the reconstruction
problem heavily undermined.

Given the rapid development of LLMs, several recent techniques have
incorporated the LLM to enhance performance in the context of GNN and
a possible application in traffic flow problems. Some examples can be
found in Chen et al. (2024) and Ren et al. (2024), where an in-depth
analysis of the role of LLMs in graph learning is provided. Nevertheless,
LLMs are not directly applicable to the problem of TFR, since such ap-
proaches are primarily designed for scenarios where graphs incorporate
textual or semantic information. In the context of TFR, the problem ad-
dressed relies only on spatio-temporal numerical data collected from a
limited number of control sensors. In general, the application of direct
LLMs lacks sufficient information to operate effectively in this setting.

In the context of physics-informed models, a work in Syum Gebre
et al. (2025) presented a novel approach for real-time TSE on sparse
sensor data and inflexible physical models. The proposed framework,
PINN-TSE (Physics-Informed Neural Network-Based Traffic State Esti-
mator), integrates the classical (Aw-Rascle) traffic model with machine
learning techniques and LLM. In this case, LLMs are utilized to generate
contextualized and user-friendly insights through a chat-based web ap-
plication and not directly used for traffic computation. The effectiveness
of the approach is validated using real-world traffic data measured on
640 m of the US-101 highway. Consequently, the optimized parameteri-
zation is scenario-specific and the related architecture cannot be directly
generalized to other contexts. For instance, the application to different
traffic scenarios, such as urban networks, is not suitable. In contrast, the
proposed approach is designed to enable immediate adaptability to a
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wider range of scenarios, encompassing different datasets and network
configurations, thereby enhancing its potential for general real-world
applicability. Often, in PIDL (physical-informed deep learning), no road
crossing modeling has been considered to address the indeterminacy at
the junctions, and the possible application in real-case city-road network
is then limited (Huang & Agarwal, 2022; Rempe et al., 2021; Shi et al.,
2021).

GNNss for traffic related problems have been exploited in Kaiser et al.
(2026) with the aim of interpolating traffic flow in road segments. Eval-
uation is carried out using two datasets. A first dataset considers cycling
paths in Berlin, which is of limited interest for analyzing urban vehicle
traffic. The second dataset focuses on road network in New York and
has been developed starting from taxi pick-up and drop-off positions.
Then using a routing algorithm, trajectories has been reconstructed and
used to compute the number of taxis passing per street segment, hour by
hour, obtaining a sort of traffic flow. However, such dataset has some
relevant drawbacks. First, limiting to taxis, only a small fraction of the
total vehicular traffic is taken into account. Moreover, computing traffic
flows exploiting trajectories obtained with routing algorithm without us-
ing more accurate simulations considering traffic, can lead to erroneous
routes and travel times, thus affecting the flow values. Nonetheless, even
under the assumption of dataset validity, the method still has limita-
tions: when reducing the number of roads with known traffic flow from
90% to 1%, error on flow estimates on unmonitored roads increases of
76% on the New York taxi dataset. This hampers the applicability of
the method in real scenarios in which sensor coverage can be inferior
to 1% of the roads. Moreover, no tests have been carried out on sce-
narios not seen during training. Finally, graph node features includes
social, economic, and environmental data: even if including such data
is reasonable, they requires substantial work to be acquired, particularly
for small municipalities with limited access to weather sensors and well
structured social and economic data.

The main limitations of the above cited approaches, in the context
of TFR issue, are summarized in Table 1.

Among the studies of the literature attempting to address and par-
tially overcome the above limitations, a notable example is (Bilotta &
Nesi, 2021). That study is directly situated within the same application
domain considered here, focusing on the TFR problem in urban contexts.
Nevertheless, the methodology proposed in Bilotta and Nesi (2021) re-
mains constrained by a computationally demanding framework, both
in terms of processing time and resource usage. The accuracy of that
solution primarily depends on a stochastic relaxation approach for es-
timating the Traffic Distribution Matrices (TDMs), which describe the
percentage of vehicles exiting each outgoing link relative to those en-
tering from each incoming link at a junction. TDMs are computed for
each junction in the network and at each time step. During each iter-
ation, if the local error decreases compared to the previous step, the
corresponding weights are retained. The process continues by testing
new TDM configurations until the overall system error is minimized,
following a mechanism similar to Simulated Annealing. Although this
approach can yield accurate results, it is computationally intensive and
therefore typically applied only sporadically to update the TDMs at each
hour of the day. In contrast, the present work introduces a more ef-
ficient approach in terms of computational speed and cost, enabling
more frequent and scalable model updates across different traffic sce-
narios. To achieve accurate TFR in large-scale road networks, the fol-
lowing key challenges have to be considered: (i) generate dense traffic
flow estimations across graph-based city-road networks via general ap-
proach (while, PDE-based model-driven approaches can provide such
reconstructions, they are computationally expensive); (ii) solve the in-
determinacy of traffic distribution at junctions, including backpropaga-
tion effects, which remains a complex problem for most methods (e.g.,
the stochastic relaxation approach proposed in Bilotta and Nesi (2021));
(iii) address high computational complexity and execution time, which
can be better handled through machine learning or deep learning tech-
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Table 1
Comparison of related works and their limitations in solving TFR.
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Reference Main Focus

Limitations in TFR

S & Zacharias (S &
Zacharias, 2024)

Missing data reconstruction in graphs

« High architectural complexity unsuitable for real-time TFR

« Poor scalability when only few sensors (1-3%) available
« Accuracy drops significantly as missing data increases

Xia et al. (2024) Missing data imputation using GCN autoencoders

« Overly complex for efficient real-time estimation
« Limited robustness with highly sparse input data

Chen & Chen (Chen
& Chen, 2022)

Joint missing data imputation and traffic prediction

« High computational cost

» Limited to dense datasets
« Accuracy declines under sparse sensor availability

Chen et al. (2024),
Ren et al. (2024)

Integration of LLMs with GNNs for graph learning

« High architectural complexity

« Require textual/semantic context not available in TFR
« Ineffective for direct traffic computation

Syum Gebre et al.
(2025)

Huang and Agarwal
(2022), Shi et al.
(2021), Rempe et al.
(2021)

Physics-Informed Deep Learning (PIDL) models

Real-time traffic estimation with physics-informed ML and LLMs

« Scenario-specific tuning (US-101 only)

« Poor generalization to other networks
« LLMs not directly used for traffic computation
« Lack of road junction modeling

« Limited applicability to complex city networks
« Indeterminacy issues at intersections

Kaiser et al. (2026) GNN for traffic interpolation in urban scenarios

« Evaluated on derived datasets with partial vehicle coverage

« Decreased performance when limiting monitored roads to 1%
« No evaluation on scenarios not seen in training

« Requires a large number of node features not easily accessible

niques. The approach presented in this paper leverages a GNN architec-
ture specifically designed to tackle these challenges.

3. Method description

The TFR problem consists of reconstructing the traffic flow or densi-
ties for the whole considered road graph using few measurements taken
from a very limited set of control points (i.e., traffic sensors) arranged
over the road network. More formally, the TFR problem can be defined
as follows: let G = { N, E} be a graph modelling the road network, where
N is the set of nodes representing the roads and E the set of edges repre-
senting the road connections. Nodes are bipartite in two disjoint sub-sets
S and S, with N = {SuU S} and |S| < | S|, where S is the set of roads
monitored by a traffic sensor and S the set of unmonitored roads. Nodes
in S are labeled with traffic density measures, and the objective of the
TFR problem is to infer traffic densities for all the nodes in S.

In this section, the proposed solution is described. The proposed
method exploits GNN, careful modelling of the road graph, and accu-
rate feature engineering to model spatio-temporal interaction among
the roads and learn how traffic flow spreads out in the road network. In
the next section, the road graph modelling and the nodes’ features are
presented. Then, the training strategy and the implemented loss func-
tion are discussed. Finally, the adopted artificial intelligence architec-
ture composed of graph convolutional layers and dense feed-forward
layers is outlined, illustrating also the hyperparameters found though
optimization.

3.1. Data modelling

In this section, data preprocessing is described. The road graph is ob-
tained from Snap4City digital twin platform (https://www.snap4city.
org) (Adreani et al., 2024c) in which corrected and updated Open-
StreetMap (OpenStreetMap, 2026) data have been ingested, including
road attributes as number of lanes, travel directions, road type, etc. First,
the road graph modelling is presented, then features used to describe
each graph nodes are introduced. Finally, two different road graph rep-

resentations, used in the following section to assess the impact of the
number of nodes in the TFR resolution, are described.

3.1.1. Road graph modelling

A complex road network structure is necessary to ensure applicabil-
ity to real-world urban traffic scenarios and to address the limitations
of single-road models as in Huang and Agarwal (2022), Rempe et al.
(2021), Shi et al. (2021). Starting from Snap4City data, the road net-
work has been defined as a directed graph G = { N, E} where N is the
set of nodes representing the roads and E the set of edges represent-
ing the road connections (i.e., the road junctions). Such a definition has
been taken since GNNs are more effective in solving node-level tasks
instead of edge-level tasks. Modelling roads as nodes, the TFR problem
is framed as a node labelling task in which a few nodes (roads with
sensors) have a label (the traffic flow measure) and the neural network
must infer the labels on all the other nodes.

The direction of the edges in E follows the road travel direction, i.e.,
an edge e,z € E connects nodes ny,ng € N if and only if vehicles move
from road A to road B. In the case of bidirectional roads, each road
direction is instantiated as a separate node with new connecting edges
representing different travel directions.

When vehicles slow down due to congestion, a wave propagating
backward through the stream of vehicles is created, even though ve-
hicles are moving forward. To consider such a backward propagation,
dummy edges é are introduced with an inverse orientation with re-
spect to the travel direction. In this way, we model the fact that ve-
hicle queues develop downstream when they form and then dissipate
upstream. The bidirectionality of the edges implements the concept of
information feedback, providing the network with greater awareness of
how traffic moves within the graph. In Fig. 1, an example is reported,
showing how the road network is modelled in graph G.

3.1.2. Node features

Each node of G is associated with a set of static and dynamic fea-
tures. Static features include the number of lanes, whether there is a
traffic sensor on the road, and the road type (e.g., primary, secondary,
residential, etc.). Dynamic features encode time information and traffic
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Fig. 1. Example of road network modelling. In (a) the road network is shown: junctions are highlighted as black crosses, one-way roads as purple segments, and
two-way roads as green segments (travel direction is indicated with small arrows in the underling map). In (b) the graph is defined by associating nodes to segments
and oriented edges to junctions. In case of two-way roads, i.e., A, B, and C green segments in (a), different nodes are instantiated for each travel direction (A%, 4™,
B*, B, C*, C™). Edges follow the allowed travel direction connecting the roads: for example node E has two exiting edges toward D and G, and one entering edge
from F. In (c) the graph is updated by introducing dummy edges (shown as dashed arrows) used to consider backward traffic propagation.
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Fig. 2. Plot of the weekly variation of mean traffic density normalized with respect to a single lane (expressed as vehicles per 20m) considering all sensors on the
road network by averaging hourly measurements over a month. The plot shows evident periodicity. Note that, being an average, this plot does not show strong traffic
density peaks that, instead, in some positions, can reach values greater than 3 veh/20m.

density as described in the following. Urban traffic exhibits a periodic-
ity that must be considered when modelling dynamic features of a node.
Fig. 2 shows an example of the weekly variation of mean traffic density
over the whole road network averaging hourly measurements over a
month. It can be observed that, the level of densities repeats quite regu-
larly from Monday to Thursday with a lower peak in the morning and a
higher peak in the evening. On Friday and Saturday peaks are less pro-
nounced, and on Sunday inferior traffic densities are measured. Since
time is highly correlated with the traffic density it has been modelled
into the node features, and to consider its periodicity, sine and cosine
functions have been exploited. A naive encoding by simply using the
hours would have led to discontinuities when passing from one day to
the next. Sinusoidal transformations allow to preserve cyclicity and pro-
vides smooth continuities.

A series of conversions are required to encode the times. Since in
our experiments we consider time slots of 15 min, time is converted in
quarters q according to equation

=4h+ = 1
q +15 (@)

where h € [0, 23] indicates hours, and m € {0, 15, 30,45} min. Since in a
day there are 96 slots of 15 min, then we normalize the ¢ values with
2rq
0, = — 2
1= 06 (2)
obtaining angle 6,. Finally, sine and cosine of §,, are computed. A similar
approach has been used to encode the day of the week. Let d = [0, 6] be
the representation of the day of the week, with 0 for Monday and 6 for
Sunday, the angle 6, is computed as follows:

3

Then, sine and cosine of 6, are computed. Dynamic temporal features
also include an encoding of the parts of the day, i.e., morning, afternoon,
evening, night, and a binary attribute indicating whether the day is a
workday or a holiday.

Dynamic traffic features have been used instead to label each node
with traffic densities. Density at time 7, i.e., §,, and four previous den-
sity measurements, §,_;s, 6,_39, 6;_45, and &,_g,, have been used to model
the density evolution in steps of 15 min. Note that traffic densities have
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Table 2
Static and dynamic features used to describe each road segment.
Kind Feature Description Type
Static lanes Number of the lanes in the road segment Integer
sensor Indicates whether the segment has a traffic sensor Binary
road-type  Encodes the type of road (e.g., primary, secondary) Integer
Dynamic (time) cos(f,) Cosine of the time, see (1) and (2) Float
sin(6,) Sine of the time, see (1) and (2) Float
cos(6,) Cosine of the weekday, see (3) Float
sin(6,) Sine of the weekday, see (3) Float
day-part Encodes the part of the day (morning, afternoon, evening, night)  Float
holiday Indicates whether the day is a workday or holiday Binary
Dynamic (density) 6, Traffic density in the segment (node) at time ¢ Float
815 Traffic density in the segment (node) 15 min before ¢ Float
8,30 Traffic density in the segment (node) 30 min before ¢ Float
845 Traffic density in the segment (node) 45 min before ¢ Float
860 Traffic density in the segment (node) 60 min before ¢ Float

been set in input only for the roads monitored by a traffic sensor and
are inferred by the neural network for all others unmonitored road seg-
ments. During training, all the densities, usually provided as number of
vehicles per meter, have been normalized to [0, 1] using a min-max nor-
malization. Table 2 summarizes the node features, showing the division
between static and dynamic attributes.

3.1.3. Graph representations

Considering a fixed number of nodes labeled with traffic densities,
corresponding to the road monitored with a traffic sensor, the finer the
road representation is, the higher the number of graph nodes is, and,
as consequence, more difficult is the solution of the TFR. To assess the
impact of the number of nodes on the prediction accuracy, two differ-
ent graph models have been defined starting from G, Granular graph
(G4) and Backbone graph (G ). Road segments of G; are split into sub-
segments of 20m, following the representation used in Bilotta and Nesi
(2021). Such modelling allowed a detailed view of the traffic flow and
a finer representation of the traffic evolution over time, at the cost of a
higher number of nodes. Differently, G ; has been obtained starting from
G by merging consecutive road segments with identical static features
along the travel direction (i.e., the e edges) until is reached a node with
different features or with more than one incoming or outgoing edge.
This representation requires less nodes to be instantiated, thus an eas-
ier prediction task is addressed, yet it offers a high-level view of the
road network in which long segments are labeled with a single traffic
estimate.

3.2. Training algorithm and loss function

Care has been devoted to designing a training algorithm that enables
the GNN to learn how to propagate the traffic densities measured from
the road on which a sensor is present.

Let S C N be a subset of the graph nodes including all the road seg-
ments having a traffic sensor. Note that, the number of roads with sen-
sors is extremely inferior to the total number of roads, i.e., |S| < |N|,
which is consistent with reconstruction problems characterized by se-
vere data sparsity where only 1-3% of the data is available. Roads with
sensors are divided into two disjoint sets, named Sy and S, where Sy is
the reference set including the sensors located in the most strategic po-
sitions, while S is the control set in which are put all the other sensors
scattered over the road graph. Moreover, |Si| < [Sc|and .S = Sz U Sc.
In this case, missing-data imputation methods as in Chen and Chen
(2022), S and Zacharias (2024), Xia et al. (2024) suffer from several
limitations when they are applied to solve TFR from a very small num-
ber of control points. In this paper, we focus on the case |S| <« |N]|, as
it corresponds to scenarios with reduced infrastructure costs enabled by
a limited number of sensors. Taking into account few scattered traffic
measurements, a leave-one-out approach has been applied to train the
network: for each epoch, a sensor s, € S has been randomly selected

and its &, and previous densities values §,_;s, 6,_39, 6;,_45, and §,_¢, have
been blanked out (transforming it in an unmonitored road). For all the
other sensors, the normalized densities are kept and used in input.

Once the predicted densities 5, have been obtained, they are ex-
ploited in the loss function to train the network. The training loss func-
tion is composed of two parts: the first evaluates the errors committed
on the sensors for which §, is provided in input, while the second focuses
on the left-out sensor s;,. This formulation assigns more relevance to the
error on s, (which requires an actual prediction), while preventing the
network from diverging from the provided inputs of the other sensors.
The implemented loss is defined as follows:

£tatal = CS\(SO] + E(So} 4
where L, is defined as

1 S .
Lo=g- > wit(d - 6) 5

i€eQ
in which Q can be the set of all the nodes in S without the left-out
sensor (S \ {s,}) or the set with only the left-out sensor {s,}. 6/ and &
are measured (ground-truth) and predicted densities at time ¢ of node
i € Q, respectively. N, indicates the cardinality of Q.

Function 7 is a smooth L1 loss with a g € (0, 1] parameter to select
between the linear or quadratic cost, similar to the Huber loss with a
higher penalization for small errors:

1 2 .
=€ if[e] <

o= {n <l ©)
le| — 5 otherwise

where |e]| is the absolute value of e. By using the quadratic term to pe-
nalize small errors and the linear term for greater errors leads to more
stable training by avoiding excessively large gradients in the presence
of large errors and maintaining sensitivity to small errors, which are
important for the average prediction quality. Finally, w! is computed as
8 _ i
wj= L @)
[y = 11
where ;4;( 5 is a factor that model the typical density of hour h(r), with
t € h(r), obtained as an average of historical density measurements and
normalized in [0, 1]. Such a factor is used to give more importance to the
errors made when the typical density is high. Indeed, when ”L( 9 is close
to 1, then |”Z(r) — 1| = 0, thus amplifying the error contribution in the
loss. After each training epoch, a different s, is sampled from Sy. This
approach has been chosen to force the network to predict &, in different
positions, avoiding overfitting on specific sensor locations, something
that may happen using a fixed sub-set of sensors with the density fea-
tures blanked out. Moreover, s, is selected from the reference sensor
set Sy since it represents sensors located in the most central positions of
the road graph which are affected by a larger number of other sensors,
unlike those placed at the border of the city road graph.
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Fig. 3. Diagram of the implemented architecture. On the left the node features sent in input are reported. The static features (gray blocks) together with the dynamic
temporal features (light blue blocks) are sent into a feature encoding (FE) layer. Similarly, the §, is sent into a different FE layer. The historic density features §,_,s,
8,_30> 6,45, and 8,_g, are sent into a gate layer (G) and an history encoding layer (H). The output of G acts as a learned weight to determine the importance of the
past measurements and is multiplied with the output of H. Then all the outputs of these encodings are concatenated and sent into a fusion layer to obtain the input
for the GCN. Finally, a series of FCN are used to obtain the predicted density ,. Activation functions are shown in round shapes with ¢ for ReLU, ¢ for Sigmoid, and
7 for Tanh. The x symbol represent the element-wise vector product.

Table 3

Hyperparameters of the neural network architecture. For each parameter the search space is
reported together with the selected optimal value found using Optuna.

Hyperparameter Search space Selected hyperparameter value
G-H layers width [64, 128] 128

G activation function [ReLU, Tanh, Sigmoid] Sigmoid
H activation function [ReLU, Tanh, Sigmoid] Tanh
FE layer width [64, 128] 128

FE activation function [ReLU, Tanh, Sigmoid] ReLU
Fusion layer width [64, 128] 128
Fusion activation function [ReLU, Tanh, Sigmoid] ReLU
GCN number of layers [1,2,3,4,5,6,7,8,9,10] 9

GCN layer width [128, 256, 512, 1024] 512
GCN activation function [ReLU, Tanh, Gelu] ReLU
FCN number of layers [2, 3, 4,5, 6] 4

FCN activation function [ReLU, Tanh, Gelu] Tanh
FCN output function [Sigmoid, No Sigmoid, Gelu, ReLU] Sigmoid
Smooth L1 loss g [0.05, 0.15, 0.2, 0.3] 0.15
Dropout probability [0.3, 0.4, 0.5, 0.6] 0.4
Learning rate [0.00005, 0.0001, 0.0005, 0.001] 0.0001
Weight decay [0.000005, 0.0001, 0.0005] 0.00001
Batch size [8, 16, 32] 16
Patience [10, 15, 20, 50, 100, 150] 100

Note that, since the sensors lack direct connections and are instead

interconnected through a network of road segments, being capable of
correctly predicting 4, in the sensor positions requires the neural net-
work to be able to properly propagate the traffic on the whole road
graph.

3.3. Architecture and hyperparameter optimization

The neural architecture used to solve the TFR problem has been com-
posed of four main parts: a gated history block, included in a feature
encoder block, followed by a GCN, and a FCN. The whole network is
trained end-to-end minimizing the loss function defined in the previous
section. In Fig. 3, a sketch of the implemented architecture is shown.
Network hyperparameters, including network depth, width, activation
functions, etc., have been found thought a systematic optimization pro-
cess by exploiting Optuna (2026). In Table 3, hyperparameters are re-
ported indicating the search spaces and the found optimal values.

The input features are initially sent into the feature encoder block.
Such a block is composed of two feature encoder (FE) layers, that are
linear layers with ReLU activations with a width of 128 neurons, a gate
layer G and an history layer H, both with 128 output dimension and us-
ing Sigmoid and Tanh activations, respectively. The first FE layer takes
in input the static features together with the dynamic temporal features.
The second FE layer is devoted to the encoding of traffic density §,. The
G and H are used to learn the importance of the past density estimates.
While the H layer performs an encoding of the past densities, the G layer,
which output is point-wise multiplied with the output of H, is used to
weigh the contribution of the encoded past densities. Then, the outputs
of the two FE layers and of the product of the G and H layers are con-
catenated and sent into a fusion layer (an additional linear layer with
output dimension 128 and ReLU activation) to obtain a single unified
and rich representation. After applying feature encoding, the resulting
latent representation is passed to a GCN to learn the spatial interaction
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among the nodes of the road graph and compute embeddings to be ex-
ploited in the FCN to infer the missing traffic densities, solving a graph
node labelling problem.

The GCN is composed of 9 layers, all using ReLU activations to com-
pute the node embeddings. The FCN has 4 layers with Tanh activation.
All GCN layers have a fixed width of 512 neurons, while the FCN lay-
ers have a decreasing width of 256, 128, 64, 32 neurons. An additional
layer of 512 neurons is used to facilitate the feature remapping between
the GCN and the FCN. Finally, the last layer with output dimension 1
has been used to produce the predicted density §,.

According to the hyperparameter values identified after the opti-
mization (see Table 3), during training a dropout of 0.4 has been used.
Learning rate has been set to 0.0001 and weight decay, used as regu-
larization technique to penalize large weights, has been set to 0.00001.
A batch size of 16 samples has been used, and 1000 maximum training
epochs have been utilized, exploiting early stopping with a patience of
100 successive epochs without improvement (on the validation set) to
prevent overfitting and unnecessary computations.

In the following sections details on data used and experiments car-
ried out to validate the proposed approach are presented.

4. Datasets, test setup, and evaluation metrics

In this section the datasets used to train and test the proposed so-
lution are introduced. Then an approach used to conduct the network
tests is described. Such a strategy, in which previous estimates are used
as input for the successive estimations, demonstrates how the proposed
solution can be implemented in real scenarios. Finally, the method and
metrics used to evaluate prediction accuracy are presented.

4.1. Datasets

In order to train and test the proposed approach real data, acquired
with the Snap4City platform, from the cities of Florence and Pisa (Italy)
have been used. The considered road network in Florence has been mod-
elled in the granular G£ and backbone G4 graphs, including a total
of 20,775 and 2209 road segments (i.e., nodes), respectively. Measure-
ments from 96 sensors, producing traffic density observations every 15
min, expressed as number of vehicles per 20m (veh/20m), have been
used. Out of the 96 sensors, 15 have been selected as reference sensors,
S, and 81 as control sensors, S¢, as described in Section 3.2. Obser-
vations collected by the sensors over years 2022 and 2023 have been
used to build different datasets to train and test the deep network. In
Fig. 4, the road graph of the city of Florence is depicted and the main
roads considered in the experiments are highlighted together with the
available sensors, divided into reference and control sets.

The first dataset Ja2023 included 2318 samples (i.e., road graph with
real sensor observations) for the whole month of January 2023. Note
that, due to missing measurements, samples are fewer with respect to
the total number of possible observations (i.e., 2976, that are 96 time
slots per day for 31 days). Ja2023 dataset has been used to train and test
the network using the following partition. First, a week composed of 672
continuous observations without missing measurements, from Thursday
19/01/2023 at 00:00 to Wednesday 25/01,/2023 at 23:45, has been sin-
gled out to realize the test set, corresponding to about 29% of Ja2023
samples. Then, the remaining 71% of samples have been randomly shuf-
fled and split into 90% training (1481 samples) and 10% validation (165
samples), equal to about 64% and 7% of Ja2023, respectively. Details
on Ja2023 usage and the results achieved are reported in Section 5.1.

Three additional datasets Ju2023, Se2023, and P12022 have been
used to validate the trained network on completely unseen real road
graph conditions collected at different times of the year and in different
cities without retraining or fine-tuning the network weights. Ju2023 and
Se2023 have been obtained from measurements acquired in Florence
during June and September 2023 respectively. PI2022 has been instead
collected in the city of Pisa, Italy, during January 2022. Ju2023 counts
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Fig. 4. Florence city road graph. Considered roads are highlighted in blue, while
sensors’ positions are indicated with pins. Reference sensors Sy are represented
with green pins. Control sensors .S are indicated with red pins. Note that some
sensors are placed very close each other, thus some pins are occluded in the
map.

Table 4
Datasets used to train and evaluate the proposed GNN-based solution.

Dataset Number of examples City Road graph type Used in train
Ja2023 2318 Florence Gf and G} 64%
Ju2023 2490 Florence G, No

Se2023 2850 Florence Gf No

P12022 2663 Pisa Gg No
JaOBU2024 672 Florence G No

2490 examples, and Se2023 has 2850 examples. PI12022 includes 2663
examples.

Note that PI12022 is defined on a different road graph on which its
granular representation Gg counts 9953 road segments with only 7 traf-
fic sensors. Since roads in Pisa are arranged in a topology completely
different from the one used during training, such tests demonstrate the
wide applicability of the proposed solution, able to generalize on unseen
scenarios without either retraining or fine-tuning.

In order to evaluate the traffic reconstruction performance achieved
on the whole road graph, a traffic dataset obtained by analyzing On-
Board Units (OBU) installed on private vehicles running in Florence
during the last week of January 2024 (from the 19/01/2024 at 00:00
to 25/01/2024 at 23:30, for a total of 672 examples) has been acquired
from a mapping company. Such a dataset has been named JaOBU2024
and used in Section 5.2 to evaluate TFR on any road segment.

Table 4 reports a summary of the datasets.

4.2. Continuous prediction test setup

During training, samples are provided to the network randomly,
while during tests samples are provided in chronological order simu-
lating a real scenario within continuous prediction process. For such
continuous estimations, traffic density features &,_;s, 6,_39, 6;,_45, and
5,_¢o have been set to ground truth values for the sensors, while pre-
dictions made by the neural network itself at times ¢ — 15, r — 30, 1 — 45,
and ¢ — 60 have been used to set the features for the unmonitored road
segments. As graphically shown in Fig. 5, the historic dynamic features
of each unmonitored road are set with 5, predictions obtained in previ-
ous iterations. By implementing such an iterative strategy for predict-
ing §, allowed the proposed method to be deployed in real scenarios.
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Fig. 5. Example of continuous estimation. Previous predictions are used to fill the past densities in the node features. (Best viewed in color).

To perform the cold-start of the process, different strategies have been
evaluated and presented in Section 5.1 to initialize the § values in the
first iterations.

First a continuous week from each of the datasets has been used to
evaluate the case in which all the sensors’ measurements are available
(see Sections 5.1 and 5.2). However, to deploy the proposed solution in
actual scenarios, the possibility of missing observations must be consid-
ered. To fill possible temporal gaps in the sensor measurements and be
able to continuously compute the TFR, typical time trends (TTTs) com-
puted from sensors’ measurements recorded in previous years have been
used. The TTT of a sensor is a sequence of traffic density measurements
from 00:00 to 23:45 with steps of 15 min for any day of the week of a
specific month. To compute the TTT of sensor s for a specific weekday
w (e.g., Monday) during a month m, all the measurements recorded dur-
ing any w in m in the previous year are selected, and for each timestep,
the average of the measured densities is computed. Then, to fill possible
gaps in observations the value at the missing timesteps is sampled from
the TTT.

By using TTTs to fill temporal gaps, further tests have been carried
out on Ju2023, Se2023, and PI2022 considering the whole months as
continuous sequences and reported in Section 5.2. Note that TTTs have
also been used to estimate the factor ;4;’( 5 in Eq. (7).

4.3. Evaluation method and metrics

Ja2023, Ju2023, Se2023, and P12022 datasets only provide ground
truth densities for the road segments monitored by a traffic sensor. Fol-
lowing the validation approach used in Bilotta and Nesi (2021), errors
have been evaluated only on the sensors’ locations, bearing in mind that
to obtain correct predictions in the sensors’ locations requires the net-
work to properly propagate traffic over the whole road network. A leave-
one-out approach has been used to evaluate 4, predictions on sensors’
locations. Let .S be the set of the graph nodes having a sensor. A single
node s, € S is selected, and all its dynamic density features are blanked
out, as it was representing a normal unmonitored road. The 5," predic-
tion on s, is obtained for all timesteps ¢ included in the test samples
and compared with the ground truth values 5. Then, this leave-one-out
approach is repeated for each sensor in S.

In order to summarize the errors obtained, the Root Mean Square
Error (RMSE) has been used and computed as

RMSE = 3" RMSE; (k) ®
S kes

where N is the cardinality of set .S. The RMSE, ((k), that is the RMSE
on the specific left-out sensor s, for all the timesteps considered, is de-
fined as
RMSE (k) = [~ 28k = 5072 ©
T ter

where T is the set of the timesteps considered (excluding eventual
timesteps filled by TTT) and RN the cardinality of the set. Note that,
to better understand the method performance and comply on the error
reported in Bilotta and Nesi (2021), when computing the RMSE, all 5;‘
and & are denormalized back to actual traffic densities as number of
vehicles per 20m (veh/20m).

A different assessment has been used for evaluating performance on
JaOBU2024, since it provides density measures on all the road segments.
Thus, the mean RMSE (mRMSE) has been computed as:

_ 1 Sk _ sk

keS T ter

where S indicate the set of road segments on which the density measure
has been blacked out during the tests and predicted by the network.

5. Experimental results

In this section, experiments carried out to validate the proposed ap-
proach are described. In Section 5.1, ablation study shows the impact of
different neural architectures, graph representations, and initializations
of the continuous prediction approach. Section 5.2 is devoted to show
performance of the proposed solution on data not used in training, con-
ducting tests on different periods of the year, on a different city, and
by changing the sensors’ positions. Then, in Section 5.3 computational
times for training and inference are reported, and, finally, a discussion
on the obtained results is provided in Section 5.4.

5.1. Ablation study

To better understand the contribution of each component in the pro-
posed model, we conduct an ablation study divided into three parts. In
the first part, specific components of the neural network architecture
have been systematically removed to assess their impact on the predic-
tion performance. The full architecture, including the gated history (GH)
and feature encoder (FE) blocks, has been named TFRGCN + GH + FE.
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Table 5

Result of the ablation studies. Reported RMSE (accord-
ing to Eq. (8)) of traffic flow densities are expressed in
vehicles per 20 m, in bold the best results.

Experiment TFR-0 TFR-E TFR-TTT
TFRGCN + GH +FE 0.33 0.33 0.33
TFRGCN + GH 0.38 0.37 0.37
TFRGCN 0.72 0.72 0.72
TFRGCN +GH + FE-G 0.21 0.21 0.21
TFRGCN + GH + FE-¢é 0.38 0.36 0.36

With TFRGCN +GH is indicated the architecture without the feature
encoder layers FE and still using the GH layers, while TFRGCN indi-
cates the architecture excluding both the GH and FE layers. All these
three experiments used granular graph representation Gg. In the sec-
ond part, the graph representation has been changed from granular to
backbone to evaluate the influence of the number of nodes. This exper-
iment has been indicated by TFRGCN + GH + FE-G . Finally, the impact
of the graph modeling approach using dummy edges to better model
traffic flow dynamics has been evaluated: the same architecture used in
test TFRGCN + GH + FE has been evaluated using in input a graph with-
out dummy edges; this test case has been named TFRGCN + GH + FE-é.
These experiments have been carried out on the test week of Ja2023 and
evaluated according to the recursive approach described in Section 4.2.

Three different initialization procedures have been considered to set
the historic dynamic density features of the unmonitored road and the
left-out sensor during the first iterations. In the first case, named TFR-
0, the past traffic flow densities have been set to zero in all segments,
i.e., a cold start. In the second case, named TFR-E, traffic density values
estimated with the method proposed in Bilotta and Nesi (2021) have
been used to kick off the recursive estimation. Finally, TTTs have been
exploited as starting traffic flow data, and the case has been named TFR-
TTT. For all the cases, RMSEs have been reported according to Eq. (8).

Obtained results have been reported in Table 5. It is worth noting
that, Bilotta and Nesi (2021) reported an RMSE of 0.5 as a small error
being a fraction of a vehicle in a space of 20m, and proposed a solution
achieving a RMSE close to 0.30. In particular, this assumption does not
take into account the normalization of the road values with respect to
the number of lanes, as in Fig. 2. In an urban network, such as the city
of Florence, several primary roads have more than one lane and they
are characterized by heavy traffic conditions. In this context, a value of
2.5 cars per 20m is quite typical during daytime measurements at the
traffic sensor locations (with peaks in highly congested areas reaching
up to 3.22 veh/20m on a single lane). Then, the results in Bilotta and
Nesi (2021), and those in this paper, are not directly reflected in Fig. 2,
where the data are averaged over the network, which includes many
residential areas where traffic is typically lower, and lane normalization
is applied.

Observing Table 5, results are practically independent from the ini-
tial set up, except for TFRGCN+GH and TFRGCN+GH +FE-¢é that
achieve lower error using TFR-E and TFR-TTT. The full architecture
(TFRGCN + GH + FE) outperforms all the other solutions (TRFGCN + GH,
TFRGCN) demonstrating the importance of learning a mapping of node
features in an expanded latent representation to allow the GCN to bet-
ter understand the node interactions. In particular, the introduction
of the gated history block discourages the network from relying on
the historic densities and focus more on the node message passing
avoiding diverging during recursive estimations. Moreover, regarding
TFRGCN + GH + FE, TFR-0 can be used without loss of performance. This
is a positive fact demonstrating that the recursive estimation can be ini-
tialized without requiring either external estimations or historical data.

As expected, working with simpler graphs and fewer nodes, as when
using the backbone representation G, helps in obtaining lower errors.
In G, the percentage of monitored roads with respect to the total num-
ber of roads is 0.46%, while in G this percentage rises to 5%. However,
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such a representation provides coarser results that could be insufficient
to understand the traffic evolution over time, as it can be observed in
Fig. 6 in which the TFR evolution of the same area at the same times
using G; and Gy is presented. Using G; allows to obtain detailed re-
constructions, better illustrating the evolution of traffic congestion. On
the other hand, with Gz most of the traffic dynamic is lost due to the
excessive length of the road segment. For example, in Fig. 6a, b, and c,
it is possible to observe spatial and time-varying congestion of the road
Via della Torretta since the road is split into subsegments of 20 m. Dif-
ferently, the same area in Fig. 6d, e, and f presents constant congestion
level. Note however that, the proposed solution is able to handle any
kind of graph representation with road of arbitrary length, differently
from Bilotta and Nesi (2021) that, relying on the resolution of a fluid dy-
namic model with finite difference, requires a fixed and proper setting
related to the road lengths.

Finally, TFRGCN + GH +FE-¢, in which dummy edges have been
removed from the graph, achieves a higher RMSE with respect to
TFRGCN + GH +FE: the introduction of dummy edges allow to better
model the traffic flow and to obtain lower errors. Moreover, as shown
in Fig. 7, by inspecting the reconstructed maps, it is possible to observe
that without dummy edges traffic reconstruction appears more static.
Differently, when using dummy edges, more dynamic and realistic flows
are observed. For example, note that in Fig. 71, obtained without dummy
edges, roads remain congested even during nighttime, while road con-
gestion evidently decreases using dummy edges (see Fig. 7f).

Given the obtained results, in the successive experiments the
TFRGCN + GH + FE architecture with the G representation (including
dummy edges) and initialization at zero of the past densities (TFR-0)
has been used.

5.2. Performance on unseen scenarios

In this section, results obtained by using Ju2023, Se2023, PI12022,
and JaOBU2024 are presented. Since those datasets have not been seen
by the network during training, and neither retraining nor fine-tuning
has been used, these experiments allow us to demonstrate transferabil-
ity capabilities of the proposed approach to work on unseen scenarios.
Thus, the proposed work overcomes the limitations of state-of-the-art
methods, as (Syum Gebre et al., 2025), where the effectiveness of the
approach is validated only in a fixed real-world traffic scenario (e.g., the
US-101 freeway).

In particular, using Ju2023 and Se2023, it has been possible to ob-
serve how the network is able to compute the TFR on different periods
of the year, during which traffic can change, for example, due to differ-
ent citizen behavior (e.g., schools close in June) and different weather.
On the other hand, using PI2022 we want to show how the proposed
approach is able to work without retraining even in new cities having a
different road graph and unseen traffic patterns. JaOBU2024 has been
used to quantify the reconstruction accuracy on every road segment and
to evaluate the impact of sensors’ positions. Finally, an additional test
on a single day of January 2024 has been carried out to observe how
TFR changes in presence of road closures, simulating a what-if scenario.

Considering experiments using Ju2023, Se2023, and P12022, as an-
ticipated in Section 4.2, first a single week without missing sensor mea-
surements have been sampled from each dataset and used in the tests,
similarly to what have been performed in Section 5 by using the test
week of Ja2023. Such tests have been labeled as W-TFR. Then, pos-
sible temporal gaps in the sensors’ observation have been filled using
TTTs and new tests have been carried out considering the whole set of
months, labelling this case as M-TFR. In all these experiments, the full
TFRGCN + GH + FE architecture has been used, the granular graph rep-
resentation G have been selected (with dummy edges), and past densi-
ties have been initialized at zero. The leave-one-out evaluation method
has been used, according to Section 4.3 and Egs. (8) and (9).

In Table 6, the achieved RMSEs (expressed as number of vehicles per
20m) have been reported. As it can be seen, in all cases the proposed
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Fig. 6. Examples of traffic reconstructions obtained using different graph representations. Traffic densities are represented in color from green to red according to
the level of congestion following the color-bar below the figures. In (a), (b), and (c) successive time instant reconstruction using the granular graph G. In (d), (e),
and (f) the same times reconstructed using the backbone G graph. It can be noticed that, using G it is possible to appreciate finer evolution of congestions, while
using G, most of the details are lost due to the usage of longer road segments producing a density averaging. (Better viewed in color).

Table 6
Results of experiments on
datasets not used in training.

Reported RMSE of traffic
densities are expressed in
vehicles per 20 m.
Dataset W-TFR M-TFR
Ju2023 0.38 0.36
Se2023 0.37 0.35
P12022 0.15 0.16

solution has been capable to provide accurate predictions, obtaining low
RMSE values. Even if with respect to the RMSE obtained on the test
week of Ja2023 there is a slight increase in the single week test (W-TFR)
of Ju2023 and Se2023, achieved errors remains low and demonstrated
the applicability of the proposed solution on unseen data from different
periods of the year. A noticeably lower RMSE has been obtained for
PI2022. This is probably due to the graph of Pisa: being a smaller city
the graph requires a minor number of nodes (9953 against 20,775 of
Florence), something that has been shown in Section 5.1 to be a relevant
characteristic of the TFR problem.

Regarding the monthly tests (M-TFR), only very minimal RMSE vari-
ations with respect to week test (W-TFR) have been obtained, demon-
strating the stability of the proposed solution even when used during
longer periods of time.

In order to quantitatively evaluate the reconstruction accuracy on
the whole graph, JaOBU2024 dataset has been used, since it contains
measurements for all the road segments. Road segments correspond-
ing to sensors’ position in the other datasets in Florence (i.e., Ja2023,
Ju2023, and Se2023) have been selected as virtual sensors to provide in-
put to the neural network. Neither retraining nor fine-tuning have been
used. Then, the predicted density values for the road segments consid-
ered have been compared with the measurements. Note that in this case
the leave-one-out testing approach was not used; instead all virtual sen-
sors have been used in input and results have been evaluated on all the
unmonitored roads, following Eq. (10). An mRMSE of 0.05 veh/20m
has been achieved, demonstrating how the proposed method is able to
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correctly estimate traffic densities on the full road graph. It is observed
that, the achieved error is lower with respect to those obtained with the
other datasets, in which data comes from traffic sensors. This reflects
the different nature of data: readings from OBUs provide a sample of
the urban traffic. Nevertheless, JaOBU2024 preserves the relative dis-
tribution of vehicles over the road network. Therefore, the obtained low
error highlights the capability of the proposed method to reconstruct the
spatial dynamics of the vehicle density, capturing the traffic propagation
over the road graph.

Finally, to evaluate the robustness of the proposed method with re-
spect to different sensors’ positions and temporary road closures, two
additional tests have been carried out.

JaOBU2024 has been used to evaluate the impact of different sensors’
positions. Starting from the positions of the virtual sensors (coinciding
with the real positions of the sensors in Florence), each sensor has been
randomly moved to a different road: the new monitored roads have been
selected by sampling from a bivariate Gaussian distribution centered on
the original position and with a standard deviation ¢, with the additional
constraint that the new road segments must have the same road-type of
the original road in which the real sensor is placed (e.g., a sensor on a
primary road is moved only to a different primary road). Two standard
deviations have been considered: ¢ = 100m and ¢ = 500m. In this case,
errors have been computed with Eq. (10), yet using as true values the
densities reconstructed considering the sensors placed in the real posi-
tions. In Fig. 8, the hour-by-hour mRMSE have been shown (note that
the mRMSE scale range from 0 to 0.00035 veh/20m). In both cases iden-
tical densities or with negligible differences have been observed, with
mRMSE on the all timestamps achieving 0.00014 and 0.00015 veh/20m
for ¢ = 100m and ¢ = 500m, respectively . This confirms that the pro-
posed method is able to handle sensors in any position without requiring
retraining or fine-tuning.

As a final test, the impact of road closures on the reconstructions of
the proposed TFR method has been evaluated. An analysis has been pro-
vided as follows. Two TFRs have been computed considering a day in
the test set of Ja2023 (20/01/2023): the first TFR is obtained without
any change in the road graph, the second one after blocking (i.e., re-
moving from the graph) two critical road segments (indicated with the
purple rectangle in Fig. 9a). By comparing the reconstructions, with-
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Fig. 7. Comparison of traffic reconstruction results using in input a graph with and without dummy edges. Level of traffic is encoded in color from green to red
according the color-bar reported at the bottom of the figure. On the top row, from (a) to (f), results using the dummy edges, for a given day, in different times. In
the bottom row, from (g) to (1), results without dummy edges, for the same day and times. As can be seen, without dummy edges the reconstruction appear more
static over the day, while the introduction of dummy edges allow the net to better model traffic flow dynamics. (Better viewed in color).

out (Fig. 9a) and with road closure (Fig. 9b), it is evident how traffic 5.3. Computational times
reasonably redistributes in the local road network due to the closure,

increasing the level of congestion in all the neighbor segments. This in- Training and evaluations have been carried out on a workstation
dicates that the proposed solution can be employed in what-if scenarios, equipped with an Intel i9-13900 CPU, 125 GB RAM, exploiting a Nvidia
providing indications about the effects of the introduced changes. GeForce RTX 4090 GPU with 24 GB of memory. The neural network has
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Fig. 8. Hour-by-hour RMSE (expressed as veh/20m) comparing the TFR obtained after moving the sensors’ position using bivariate Gaussian with ¢ = 100m (blue)

and ¢ = 500m (orange). (Better viewed in color).

Fig. 9. Simulation of road closure. In (a) the usual condition. The purple rectangle highlight two road segments that have been removed in (b) simulating a road
closure. As can be seen comparing the reconstruction obtained at the same time (20/01/2023 at 17:45), the removal of the two segments produce evident changes
in traffic densities with all the road presenting increasing level of congestion. (Better viewed in color).

been trained for 301 epochs in 14 h. During inference, computing the
TFR on the full city of Florence for 24 h, i.e. for 96 time-instants equal
to four 15-min time slot per hour, requires 15 s.

Such computational times confirm that the proposed solution can run
quickly on consumer hardware, thanks to its light-weight architecture,
and allow its exploitation in real-time on real urban scenarios.

5.4. Discussion

The present study considers a specific problem within a well-defined
urban scenario in a real-world context.

The experimental results presented in the previous sections confirm
the validity of the proposed approach in solving the TFR problems.
Comparing the predicted values with the ground truth traffic densities
yielded RMSEs between 0.3 and 0.4 vehicles per 20 m, achieving also
lower errors for easier setup (i.e., considering the backbone graph rep-
resentation and working on small city like Pisa). Such RMSE indicate
small discrepancies, in the order of a fraction of a vehicle.

Comparing the results obtained with those reported in Bilotta and
Nesi (2021), both solutions are able to produce a full TFR in just a few
seconds achieving a similar accuracy. Nevertheless, exploiting a deep
learning approach instead of relying on the explicit resolution of the
underlying fluid dynamic problem, has several advantages.
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First, the proposed solution can be applied to any kind of graph,
while Bilotta and Nesi (2021) required to preprocess the road graph by
means of spatial units needed to solve the TFR problem using finite dif-
ference methods. Also finding the correct number of iterations of finite
differences to obtain a reasonable estimate is not easy and requires care-
ful tests, something that can be completely avoided using the proposed
solution.

The most relevant benefit of the proposed solution is its wide de-
ployability. As demonstrated in Section 5.2 the network can be re-
liably used on unseen scenarios without requiring retraining or fine-
tuning. Differently, Bilotta and Nesi (2021) depends on the estimation
of TDMs that encode the traffic distribution at junctions. TDMs are re-
quired for each time instant for each day of the week and must be
recomputed for different road graphs. Due to the time required for
estimating TDMs (several days using GPUs to solve a stochastic re-
laxation problem) deploying the fluid dynamic TFR solver on novel
cities is not an easy task. Note that this limit can be further critical
when working on what-if analysis or when embedding the TFR tool
into automatic optimizations (Bellini et al., 2024): computing the TFR
using (Bilotta & Nesi, 2021) on a modified road graph would require
novel TDMs, extremely slowing down the possibility of simulating al-
ternative scenarios, while the proposed solution could be readily ap-
plied.
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For these reasons, the proposed method is a valid alternative to state-
of-the-art solutions for solving the TFR problem, easily deployable on
any scenario and producing accurate traffic density estimates.

6. Conclusions

In this paper a novel solution for solving the TFR problem is pre-
sented. TFR aims at estimating the vehicle densities for all the segments
in a road graph starting from few and sparse measures to allow traf-
fic control activities and management without requiring a widespread,
pervasive, and costly deployment of sensors. The proposed approach
exploits a lightweight deep learning architecture based on GNN to over-
come limitations of existing solution based on complex neural architec-
tures or finite difference solvers that are difficult to adapt to different
urban contexts without significant redesign. In this work, the experimen-
tal evaluation is conducted on real-world large-scale road networks. In
particular, a network comprising 20,775 road segments is considered,
of which only 96 are equipped with sensors. Many GNN-based meth-
ods at the state-of-the-art, including GCN (S & Zacharias, 2024), au-
toencoders (Xia et al., 2024), and reinforced dynamic GCNs for traffic
prediction (Chen & Chen, 2022), have been proposed for reconstructing
missing data in graph-structured datasets. However, these approaches
have significant limitations in traffic reconstruction problems under ex-
treme data sparsity (1-3% observed data). Recent efforts to integrate
LLMs with GNNs (Chen et al., 2024; Ren et al., 2024) improve gen-
eral graph learning but are not directly applicable to TFR, which re-
lies exclusively on spatio-temporal numerical data. Moreover, existing
physics-informed deep learning (PIDL) methods often do not consider
road-crossing modeling at junctions, limiting their applicability in real-
world urban traffic networks (Huang & Agarwal, 2022; Rempe et al.,
2021; Shi et al., 2021). Similarly, PINN-TSE frameworks (Syum Gebre
et al., 2025) achieve real-time traffic estimation on sparse sensor data,
but are related to fixed scenarios (e.g., the US-101 freeway) and lack
generalizability. In contrast, the approach proposed in this work en-
sures adaptability across multiple datasets and network configurations,
enabling its applicability in real-world urban traffic settings.

Thanks to a carefully designed road graph representation capturing
forward and backward traffic propagation, and well-designed node char-
acteristics, the system is able to compute accurate reconstructed traffic
data. The network exploits feature encoding blocks to obtain a rich la-
tent feature representation, graph convolutional layers to learn the node
interaction and fully connected layers to regress the density values. In
addition, the introduction of a leave-one-out training strategy allows the
model to be trained without requiring full ground-truth density maps,
while still ensuring robust transferability across different sensor config-
urations and urban scenarios. Moreover, a continuous traffic estimation
strategy has been proposed to enable the method to be reliably applied
in real scenarios. Extensive experiments demonstrate the wide applica-
bility of the network on data and scenarios not seen during training
achieving an RMSE error of 0.33 veh/20m on sensors’ measurements,
and a mean RMSE of 0.05 veh/20m on the whole road network.

The study in Bilotta and Nesi (2021) directly addressed the traffic re-
construction problem within the same application domain. However, it
relies on a stochastic relaxation method to estimate TDMs by iteratively
testing and refining road assignment configurations until the overall er-
ror is minimized. While that strategy can achieve accurate traffic re-
constructions, it is computationally heavy in terms of processing time.
Moreover, the TDMs estimation depends on the characteristics of a given
road network. In contrast, the approach presented in this paper offers a
significantly more efficient and scalable solution, enabling direct adapt-
ability across different traffic scenarios. In particular, without requiring
any retraining or fine-tuning, the proposed solution is able to obtain ac-
curate density estimates for different time periods, various road graph
representations and sensors’ positions, and diverse urban context. Fur-
thermore, the proposed method can be used to perform what-if analysis
to evaluate impacts of road closures. Such capabilities together with fast
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execution on consumer hardware make the proposed solution a valid
tool for intelligent transport systems supporting decision makers in man-
aging urban traffic.
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