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Abstract

The substantial increase in traffic data offers new opportunities to inspect traffic congestion dynamics from different
perspectives. This paper presents a novel framework for the interpretable representation and customizable retrieval of traffic
congestion patterns using causal relation graphs, which harnesses many of these opportunities. By integrating domain
knowledge with innovative data management techniques, we address the challenges of effectively handling and retrieving
the growing volume of traffic data for diverse analytical purposes. The framework leverages causal graphs to encode
traffic congestion patterns, capturing fundamental phenomena and their spatiotemporal relationships, thus facilitating an
interpretable high-level view of traffic dynamics. Moreover, a customizable similarity measurement function is introduced
based on inexact graph matching, allowing users to tailor the retrieval process to specific requirements. This framework’s
capability to retrieve customizable and interpretable congestion patterns is demonstrated through extensive experiments
with real-world highway traffic data in the Netherlands, highlighting its value in supporting diverse data-driven studies and

applications.

Keywords Traffic congestion patterns - Highway traffic - Knowledge-guided data retrieval - Graph matching

Introduction

The increasing mass of traffic data serves as a vital foun-
dation for research and practical applications in traffic and
transportation. Traffic state data encompass crucial informa-
tion for understanding various aspects of traffic, with none
more significant than traffic congestion, a major nuisance
of traffic flow. Traffic congestion is characterized by low
speed and high vehicle density, affecting both spatial and
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temporal dimensions. Hence, congestion can be effectively
visualized on space-time maps. For instance, a low-speed
region on space-time maps represents that a stretch of road
is congested for a certain duration. These two-dimensional
images are the so-called traffic congestion patterns.

Traffic congestion data are essential for numerous appli-
cations in travel services and traffic management. One of its
primary uses is in traffic state forecasting and arrival time
estimation. Platforms providing traffic and travel services
use real-time data to predict the evolution of congestion (Li
et al. 2017, 2021) and to estimate the arrival time (Van Lint
et al. 2005). There has been significant research interest in
data-driven forecasting models, particularly those based on
deep learning, which effectively utilize large datasets of traf-
fic congestion patterns. For example, Ma et al. (2017) build
Convolutional Neural Networks (CNN) and train the model
on congestion pattern datasets to predict corridor-level traf-
fic states in the short future. A comprehensive review of
this field is provided by Yin et al. (2021). Besides forecast-
ing, traffic congestion data can assist road authorities in
optimizing traffic control schemes (Calvert et al. 2018; van
de Weg et al. 2018) and in evaluating the effectiveness of
implemented controls (Wang et al. 2006; Kim et al. 2013).
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Moreover, congestion patterns offer valuable insights for
large-scale traffic management. Lopez et al. (2017) examines
the network-level day-to-day regularity of highway conges-
tion in the Netherlands, revealing a global picture of traffic
dynamics. In addition, although congestion patterns are usu-
ally macroscopic traffic data, they also play a crucial role in
understanding microscopic traffic phenomena. Researchers
can calibrate and test driving models (Calvert et al. 2011)
and traffic flow models (Vlahogianni et al. 2005) using con-
gestion data. For instance, van Lint et al. (2020) analyze the
relationship between highway Congestion Warning Systems
(CWS) and congestion patterns. The authors find that differ-
ences in maximum deceleration distributions when vehicles
enter the first stop-and-go wave in congestion can be used
as a surrogate (un)safety indicator. These diverse uses high-
light the significant value of congestion pattern data in both
theoretical research and practical applications.

Meanwhile, as congestion pattern data is gaining more
attention, its growing size poses novel challenges for
developing an effective data management and retrieval
system. From a practical perspective, the system should
return the desired congestion patterns based on users’
specific requirements on interested traffic phenomena,
congestion scale, or congestion structures. For example, for
studying relationships between congestion and accidents,
heavy homogeneous congestion with one standing
bottleneck is usually needed (Wang et al. 2009). If focusing
on controlling multiple highway on-ramps, then large-
scale congestion patterns containing multiple interactive
bottlenecks are ideal data. Such a data retrieval system
can save researchers time on data acquisition and expedite
diverse research directions.

To build a data retrieval system that can support various
analytical purposes, two functionalities are critically
important:

¢ Interpretability of pattern representation: How to
represent high-level features of congestion patterns in a
way that can explain underlying traffic phenomena?

e Customization of pattern retrieval: How to define a
customizable similarity measurement between congestion
patterns based on the interpretable representation?

Interpretability enables users to specify what patterns they
want based on domain knowledge, and customizability
ensures that the system can cater for different requirements
according to users’ definitions of similarity. Many
studies have addressed these two concerns from different
perspectives in the literature.

In congestion pattern representation, commonly used
features are low-level information such as colour, shape and
texture (Andrews Sobral et al. 2013). Krishnakumari et al.
(2017) used active shape methods to classify congestion
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patterns based on contours. Other methods, such as vari-
ational auto-encoders (Boquet et al. 2020) based on deep
learning, compress high-dimensional images into low-
dimensional concatenated feature vectors. These methods
result in unexplainable visual features with no conceptual
meaning. To imbue interpretability into congestion pattern
representations, connecting extracted features to the under-
lying meaningful traffic phenomena is important. Typical
traffic phenomena include congestion bottlenecks, transient
traffic, traffic oscillations (stop-and-go waves), homogeneous
congestion (Helbing et al. 2009), etc. For example, Zheng
et al. (2011) apply wavelet transform to recognize these phe-
nomena and analyze freeway traffic. Similarly, Nguyen et al.
(2019) applied image segmentation methods to detect traffic
oscillations and homogeneous congestion. The paper shows
that compared to low-level 2D images, these traffic-specific
elements can lead to sharper clusters of congestion patterns
(Bay et al. 2008), revealing the regularity of highway traffic.
Other studies focus on extracting one specific pattern feature.
For example, Chen et al. (2004) considers all adjacent detec-
tor pairs and uses rule-based methods to recognize bottleneck
activation. Wieczorek et al. (2010) further conducted a sen-
sitivity analysis of the parameters used in Chen’s method.
Zhao et al. (2014) used extended spectral envelope method to
detect stop-and-go waves. For more relevant papers, we refer
the readers to Nguyen et al. (2019) for an overview.

Although there are many pattern representation and rec-
ognition studies, most of these methods focus on isolated
congestion regions and separate sub-features. This approach
results in local features that are not integrated into a cohesive
structure, which is necessary for representing the broader,
macroscopic evolution of complex congestion patterns.
Such fragmentation significantly constrains the scalability
of these representation methods, limiting their effectiveness
in broader traffic management applications.

Compared to congestion pattern recognition, traffic data
retrieval systems are less discussed. There are two common
approaches in the literature, namely the text-based approach
and content-based approach (Datta et al. 2008). The text-
based approach labels each image by keywords when
preparing the database. By specifying query keywords,
relevant patterns can be easily identified and retrieved.
One advantage of this approach is the simplicity of the
implementation mechanism. However, image annotation is
often done manually, which is time-consuming and prone to
errors due to a large number of available items. On the other
hand, the content-based approach is performed by providing
a query example image when retrieving data. The system
automatically extracts features from this query image and
searches for matching images from the database. We refer
the readers to Zhou et al. (2017) for a literature review.

However, in data retrieval, “similarity” is a subjective
concept. Different studies may require “similar” data in
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Fig. 1 The framework for con-
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different aspects. Existing content-based approaches tend
to use a pre-defined, fixed similarity measurement, which
limits their capabilities to retrieve user-defined data. To the
best of our knowledge, how to define customizable similarity
measures based on interpretable congestion pattern
representations has not been discussed in the literature.

In summary, two research gaps in interpretable pattern
representation and customizable similarity measures restrict
the potential benefits of congestion pattern retrieval systems
in supporting different research purposes and applications.
This paper aims to fill these gaps by developing a novel
methodological framework.

This paper proposes a congestion pattern management
and retrieval framework that combines domain-knowledge-
driven interpretable congestion representation and
customizable similar pattern retrievals. The contributions
are summarized as follows:

e Proposition of a novel methodological framework to
represent a congestion pattern as a causal relation graph
of domain-specific traffic features.

e Proposition of a customizable similarity function
between two relation graphs of congestion patterns based
on inexact graph matching methods.

e Evaluation of the efficacy and efficiency of the built
pattern management system using a large-scale real-
world dataset.

The paper is organized as follows. “Methodological
Framework” section firstly presents the methodological
framework. Next, “Causal Relation-Graph-Based Pattern
Representation” section describes the process of extracting
relevant features and constructing the so-called relation
graphs as the representation for congestion patterns. The
measurement of similarity between two patterns is presented
in “Customizable Similarity Measurement” section. In

Top-rank
patterns

“Experiments” section, we describe an extensive experiment
for evaluating the proposed method. Finally, “Conclusion
and Perspectives” section concludes this study and gives
several relevant research directions.

Methodological Framework

Figure 1 illustrates the framework of the proposed pattern
retrieval system. This methodology comprises two key com-
ponents, the so-called pattern representation and similar-
ity measurement. The pattern representation module first
determines and extracts core traffic features (or traits) from
a congestion pattern. Next, these features are integrated into
a single causal relation graph to interpret high-level charac-
teristics of congestion patterns. The similarity measurement
module determines the degree of resemblance between two
patterns. Its inputs include two relation graphs (representing
two patterns, one is a query pattern) and user’s customizable
control parameters (representing what “types” of similarity
users want to use) that define the similarity function. The
output is a corresponding similarity score.

In the offline stage, patterns are processed into relation
graphs and registered in a database. In the online stage,
the system retrieves top-ranked patterns that conform best
to the query pattern based on the user-defined similarity
measurement. If some retrieval outcomes do not meet
certain expectations, users can adjust control parameter
settings and repeat the retrieval process to improve results.
The following sections dive deeper into the framework
after the two key components of pattern representation and
similarity measurement are explained. To better explain
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how the methodology works, this data retrieval system that
covers the congestion patterns collected on all highways in
the Netherlands is made available online: https://mirrors-
ndw.citg.tudelft.nl/webapp/app-cosi/.!

Causal Relation-Graph-Based Pattern
Representation

This section presents the conversion of a low-level traffic
congestion pattern into a high-level causal relation graph.
For clarity, we first introduce several key concepts from the
lowest to the highest level:

e Congestion patterns: A congestion pattern represents
the traffic state on a particular road segment over a
certain period. In essence, it is a two-dimensional matrix
(spatio-temporal image) of traffic states (e.g., speed,
flow or density). A pixel value represents the traffic state
observed at a certain location and time.

e Traffic primitives: A traffic primitive refers to a
spatio-temporal region representing a specified well-
acknowledged traffic phenomenon or characteristic.

e Causal relation graphs: A causal relation graph is a
directed acyclic graph whose nodes are traffic primitives
and edges are their spatiotemporal relationships. The
mathematical definition will be explained later.

Therefore, the pattern representation module contains two
steps connecting the three levels. Feature extraction first
extracts traffic primitives from original congestion patterns.
Then relation-graph formulation synthesizes a causal
relation-graph from extracted traffic primitives. The key
principle for both steps is keeping the interpretability of the
used representation.

Feature Extraction

Feature extraction aims to identify instances of widely
acknowledged traffic phenomena from the original image
of congestion patterns. In this work, we define three basic
traffic primitives. They are traffic bottlenecks, wide-moving
traffic disturbances (also called traffic oscillations in some
papers), and homogeneously heavy congestion. These three
components are the most important features that determine
the evolution of traffic congestion. Their definitions and
detection methods are described below:

! Please contact the authors for a guest account.
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Traffic Bottleneck (B)

A traffic bottleneck is a specific point or section of a road
where traffic speeds are severely impeded or restricted,
usually caused by over-saturated ramps. Traffic bottleneck
detection has a large body of literature. In this study, we
adopt the framework proposed by Nguyen et al. (2021),
which identifies bottleneck location and activation time from
speed maps. Furthermore, the used method also extracts the
boundaries of upstream congestion regions. In principle,
congestion regions are identified by applying the active
contour model without edges (Chan and Vese 2001)—a
well-known image segmentation technique in computer
vision. The model formulates congestion as foreground and
free-flowing regions as background in the segmentation
problem. Bottleneck locations are detected by observing
speed gradients along the direction of characteristic
waves. Discontinuities (drops of speed upstream) of traffic
speeds are associated with possible bottleneck activation.
Both primary and secondary bottlenecks can be identified
successfully using this method. We refer to the original
paper for a complete description.

Traffic Disturbances (D)

Traffic disturbances are the observation of back-propagating
stop-and-go waves, which occur regularly in traffic and can
be visualised by spatiotemporal speed maps. Disturbances
usually emerge from a bottleneck where approaching
vehicles try to synchronise with slow traffic therein. These
disturbances can propagate further upstream and form wide-
moving jams (WMJ). Krishnakumari et al. (2017) proposed
and successfully applied the Active Shape Model (Cootes
et al. 1995) to identify WMIJs in congestion patterns. The
Active Shape Model technique describes a shape by utilizing
a mean shape and its variations derived from a set of similar
training shapes. Consequently, when presented with a new
shape, the fitting error of the shape model to this form can
be employed for shape identification or classification. To
obtain these shapes, pattern images are segmented using the
Watershed transformation (Nguyen et al. 2019) into different
traffic state regions. The boundaries of these regions are
identified and clustered by the Active Shape Model to detect
traffic disturbances. We refer to the original paper (Nguyen
et al. 2019) for further details.

Homogeneous Congestion (H)

Homogeneous congestion represents the spreading of
congested traffic over space and time with consistently
low vehicular speeds. They are normally associated with
extreme demand or accidents. The regions associated with
homogeneous congestion are referred to as Demand—Supply
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Fig.2 An example of feature

Speed

extraction

elements in Nguyen et al. (2019). This paper uses texture
analysis to identify homogeneous congestion. Haralick
et al. (1973) proposed to derive various texture features of
an image using a grey-level co-occurrence matrix (GLCM).
This method calculates different statistics to quantify the
texture characteristics of the related image. Each number
in the GLCM shows how frequently the related pair of
intensities is present in the related image for a pre-defined
(two-dimensional) offset. Some widely used features are
energy, contrast, homogeneity, and entropy. A preliminary
analysis suggests that the energy feature is the most
promising for identifying homogeneous regions. Energy is
a measure of the homogeneity of an image, defined by:

N N
Energy = ) ) py(i.j) )

i=1 j=1

The number of grey levels in a homogeneous region is
expected to be low, shifting the whole distribution to a small
group of p,(i,j) (p,(i,j) represents the frequency of having
the co-occurrence of intensities i and j at a certain distance
d). The more homogeneous a region is, the higher the energy
feature gets. Thus, homogeneous congestion regions can be
effectively identified.

Figure 2 presents an example of feature extraction. The
top left plot shows the original speed map, a complex con-
gestion pattern. The results show that our algorithm suc-
cessfully identifies bottlenecks, homogeneous congestion
regions, and stop-and-go disturbances. After recognizing
these 3 fundamental traffic primitives, we can formulate
high-level causal relation graphs.

It is useful for readers to note that there exist other
methods that can also effectively extract desired features
and traffic phenomena, as discussed in the introduction. The
methods above are chosen mainly based on our previous
research. Another point is that deep learning represents a
potent method for identifying these traffic features. However,
the application of supervised learning in this context is

limited by the need for labelled data, and currently, there
are no annotated datasets or pre-trained models available for
traffic pattern recognition, to our knowledge. Our proposed
method can also serve as an automated congestion pattern
annotation pipeline for developing further deep-learning-
based models.

Causal Relation-Graph Formulation

To make the high-level representation of traffic congestion
patterns interpretable and conform to domain knowledge,
extracted traffic primitives cannot be simply concatenated
but must be structured by rules. In this study, we propose
to use the so-called causal relation-graph to organize a set
of traffic primitives into a directed acyclic graph causal
representation. The key intuition is interpreting “Which
bottleneck causes which type of congested region?” and
“How does one bottleneck influence others by congestion
propagation?”’

Specifically, one node (or vertex) in our relation graph
represents a traffic primitive. A node furthermore contains
attributes describing the corresponding traffic primitive. In
this study, the main attribute of a node is trype (B, D, or H)
and size, in either absolute form [km X hour] or relative form
[proportion % of overall congested area]. The size is calcu-
lated from the area within the contour of a traffic primitive
on the space-time map. A directed link (or edge) represents
a spatiotemporal relation between primitives. This relation
indicates a plausible causality if the starting point ¢, x of one
primitive is associated with another primitive. For example,
to represent many disturbances emerging from a single bot-
tleneck, the corresponding relation graph has an edge from
the related bottleneck node to the related disturbance node,
with the edge weight indicating the number of disturbances.
This example is shown in the Fig. 3. This relation graph has
a tree-like structure. For convenience, we define that the

@ Springer
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(@)

Fig.3 An example of relation graph: a a pattern of congested traffic
at a bottleneck which causes 1 heavily homogeneous congestion and
later 6 small-scale disturbances, b its relation graph proposed by our

left branch (leaf) happens earlier if one bottleneck causes a
sequence of congestion of different types.

A formal definition of this causal relation graph is
described as follows:

Definition 1 The causal relation graph representing a con-
gestion pattern is an attributed, directed graph G = (E, V, A).
Descriptions of these sets are as follows.

V = {v|vis a traffic primitive}
E = {(v;,v))|v; (possibly) triggers v;}

A = (r,5% 5", w) attribute set

(b)

method. This method can also be applied to multiple bottlenecks and
complex congestion patterns

So far, we have explained how to construct high-level causal
relation graphs from congestion patterns in one-dimensional
highway roads. Compared to feature vector representations,
this relation-graph-based method is transparent and interpret-
able. The evolution of congestion is represented by an acyclic
causal graph describing how preceding traffic phenomena
influence the following.

Adapting the proposed representation method to road
networks requires significant modifications. The network

7 : V — {B — bottleneck, D — disturbance, H — homogeneous congestion }

s* 1 V — R absolute size of a node

s? . 'V — Rrelative size, i.e. the proportion (%), of a node

w . E — R number of connection instances represented by the edge

Figure 3 illustrates the principle by showing the traffic pat-
tern (left) and the resulting relation graph (right). The pat-
tern shows an example of traffic congestion patterns at a
bottleneck which is likely related to an incident. At the onset,
traffic is heavily homogeneously congested. After some time,
a few (minor) disturbances emerge before traffic regains
free-flow states. The corresponding relation graph is con-
structed by identifying three main elements in this pattern.
These include bottlenecks—B node, homogeneous conges-
tion node—H node, and disturbances—D node. Edges are
associated with w. Specifically, the link (B—H) has a weight
of 1 to represent 1 homogeneous region as shown in the pat-
tern, whilst the link (B—D) has a weight of 6 that shows the
number of disturbances detected. Furthermore, each node
consists of attributes, namely absolute size and proportion.

@ Springer

structure introduces complex spatial dependencies in
congestion patterns due to interactions between road links
(Ermagun and Levinson 2019). For instance, road networks
that include cycles could lead to cyclic congestion patterns.
This happens when congestion at one bottleneck circulates
back to the same point via these cycles. Therefore, the relation
graph is not cascading but cyclic. Therefore, the structure of
the road network must be integrated into the relation graph.
Further research is needed to effectively represent road
networks (Fafoutellis and Vlahogianni 2023) and incorporate
these complex features into the relation graphs. In this study,
we only consider congestion patterns along 1D road stretches.
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Customizable Similarity Measurement

The previous section shows how to construct an abstract
but interpretable causal relation graph for congestion
patterns. This section describes the second key module: how
similarities between congestion patterns are measured based
on those relation graphs, and how to make the similarity
measurement customizable. Overall, a similarity function
using adopted inexact graph matching is proposed. This
function reflects several key aspects of a pattern, including
the structure similarity and the proportions and frequencies
of traffic primitives. A set of control parameters is made
explicit as input to let users customize the desired similarity
measurements.

Graph Matching

By representing congestion patterns using relation graphs,
the measurement of similarities is transformed into graph
similarity or the so-called graph matching problem. There
are two main categories of methods, namely exact graph
matching and inexact graph matching (also known as error-
tolerant graph matching) (Conte et al. 2004; Foggia et al.
2014; Riesen 2015; Emmert-Streib et al. 2016). Exact
graph matching strictly compares two graphs by nodes or
edges. This type of method is mainly used to match identical
graphs. Meanwhile, inexact methods are more flexible and
allow differences in node/edge/subgraph mappings. In
principle, these discrepancies are tolerated with a penalty.
This property makes inexact graph-matching methods more
practical in real problems. It also gives users some room for
flexibility, which is key for customizable graph matching. In
our application, we use an inexact matching method.

Graph matching is formulated as an optimisation problem
between 2 graphs A and B. The cost is generally defined by
Eq. (2) (rewritten from Foggia et al. (2014)):

introduced. Accordingly, the mapping f is annotated as
f 1V, Vyu e} Itis injective for nodes in V, that are not
mapped to e. For such nodes, the cost is called replacement
cost Cg. Mapping a node to € is reasonably seen as the
deletion of that node, and the related cost is called deletion
cost Cg. Besides, edges are also needed to be mapped. Two
similar types of mapping, i.e. replacement and deletion,
are relevant to edge mapping and are evaluated by the cost
functions CE, CE, respectively. Note that these individual
cost functions are specialised, which means their definitions
depend greatly on specific applications.

Various approaches have been proposed for graph
matching by reformulating an optimisation problem on
the cost function C(f) such as graph edit distance (Bunke
1997; Gao et al. 2010), graph kernels (Girtner et al. 2003),
iterative methods (Blondel et al. 2004; Zager and Verghese
2008). We refer to Foggia et al. (2014) and Emmert-Streib
et al. (2016) for an in-depth survey of these approaches. Our
work is motivated by the iterative approach. In principle,
similarities between nodes consider not only the two nodes
but also their neighbour nodes. Hence, this approach, to
some extent, combines notations of different individual cost
functions (Eq. (2)) into one similarity function.

We propose a two-phase algorithm for measuring the
similarity of two congestion patterns based on their relation
graphs. Firstly, similarities of all possible pairs of nodes
between two graphs are calculated. Secondly, the total
similarity score of mapping all available nodes is optimised.
The obtained score represents how similar the two patterns
are. The following subsections describe these two terms in
detail.

Phase 1: Nodes Similarity

The similarity between two nodes (or source nodes) is
measured in a recursive way as motivated by Zager and

CH= D, CRufon+ DY Cym+ Y, Cyo)
vev, vev, vV e Vg
fo) #e fo)=e¢ o =e
+ > CE(e,e) + > Cp(o)
e=(v,v,) EE, e=,v,) EE, @)

e =({(v).f(n)) € Eg
" z CE(e)

! / /
e =(,V)) EEg

oS0 € By

e = (). f(vy) & Eg

Note that, in inexact mapping, some nodes or edges
of one graph might not have matches with the other
graph. To formally describe this, a special null node € is

Verghese (2008). Specifically, the similarity of subsequent
nodes recursively contributes to the similarity score of their
source nodes. Unlike in the initial paper where scores from

@ Springer
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Table 1 Control parameters

o S Parameter  Description
for customising similarity
n;zailugrement between relation- X Penalise size difference
graphs 0, Regulate the trade-off between node size match (maximised when 6, = 0) and node type
match (maximised when 08 =1
0, Penalise node type difference, therefore, regulate the tolerance of having unmatched nodes
0, Penalise the differences in frequency attribute: whether to focus on overall structure or details

Regulate the contribution of subsequent-node similarities to the matching of two source nodes

all possible pairs of nodes are accumulated, our proposed
method only considers those from the best mapping between
subsequent nodes.

The overall similarity score between two nodes,
n, € Vy,ng € Vyfrom G,, Gy respectively, is formulated as
Eq. (3). The first part of the right-hand side of an equation,
Sy, measures the similarity intrinsically based on their
attributes (regardless of their neighbour nodes). The second
part represents the accumulation of similarities from their
subsequent nodes. Here, the parameter 6, regulates how
much of subsequent nodes’ similarity attributes to the
similarity of two source nodes. Note that the contribution
of subsequent node similarities is, to some extent, equivalent
to the similarity of matching corresponding links (which is
related to function Cg in Eq. 2):

S(n/p nB) = So(nA, nB)

+ 0, X min[Sy(ny, ng), argmax ;. e, Y, Sl fc))]

cec,

3
where C,, Cy represents two sets of subsequent nodes of
ny, ng, respectively.

Similar to the overall cost defined in Eq. (2), the base
similarity S, captures several possibilities of node matching,
which depend on whether both nodes are in the original
graphs. Accordingly, two similar evaluations need to be
defined, namely the so-called replacement—Sg(n4, ng) and
deletion—Cp,(n). Eq (4) summarises these cases.

Sp(ny,ng), ifny #e,ng #¢€
—Cp(ny), ifng=c¢ 4)
—Cp(ng), ifny=c¢

So(nA, I’lB) =

There are two cases when matching two non-null nodes
regarding whether they represent the same primitive type.
If these nodes are different types, their mapping is equivalent
to two deletion operations (see Eq (5)).

| M(ny,ng), if 7(ny) = v(ng)
Sr(t4:115) = { _Cp(ny) — Cpng), if 7)) # (ng) O

The previous setup leads to defining two basic functions,
i.e. M(ny,ng) and Cp(n). The choices of these functions are

@ Springer

application-specific. In our proposed framework, we formu-
late these functions concerning selected attributes associated
with nodes and edges in relation graphs. Also, these functions
are parameterised by utilising certain parameters. The objec-
tive is to inject different perspectives when looking for similar
characteristics from congestion patterns.

The proposed function for measuring similarity between
two commonly labelled nodes accounts for both the resem-
blance between their attributes and the importance of their
difference. For that, the designed function includes both their
overlapping size and the size of the referenced node. The for-
mer acts as a proxy for the similarity of two nodes. The latter
is used to compensate for the difference (if any) between two
nodes. The first node is selected as a referenced node in our
setup. The parameter 6, regulates the scales of these two terms
(see Eq. 6).

The detailed similarity between two nodes is measured
based on the overlapping size. Note that a different function is
possible when different properties are used for node attributes.
On the other hand, the unmatched size is also taken into
account as this assists in ranking the closeness of different
pairs of nodes. In particular, a logistic function is formulated
to translate the size difference (in terms of proportions to the
total size) to a number (i.e. weight) that scales the overall
similarity. The contribution of this difference is regulated by
the parameter 8, > 0 (see Eq. (6)). In addition, the difference
in the occurrences (w) of the two nodes is also dealt with. A
’virtual node’ ng, with relevant features, a (see Equation 13)
and w, is created as shown in Eq. (11). The underlying idea
is to apply deletion cost Cp(ny) to the occurrence difference
when matching two nodes. Parameter 8,, > O regulates the
tolerance of this difference:

Mngong) =(1 = 6,) % [2X W, X dyiy X Ly 4o <9S, ﬁ)

Ya

= Cp(np)| + 6, x 2 X w(ny) X a(ny)

(6)
where,
Common size  a,,;, = min(a(ny), a(ng)) @)
Size difference  Aa = |a(ny) — a(np)| (8)
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Fig.4 An illustration of how to
formulate the pattern match-
ing as an assignment problem
between their node sets. Edges’ :
weights are the similarities
between the corresponding end :
nodes using Eq. (3). A feasible \
assignment is highlighted in
blue colour, in which one node
is exactly matched to another
node

Similarity between
two end nodes

\

Total size Z a = a(ny) + a(ng) )]

1

Logistic function _—
& 1 + chO0+hy

Ly 5000 =1~ (10)

a a(ny), if wn,) > w(ng)
Occurrence-difference node  np = ~ | a(ng), if otherwise
w = fp 5,00 AW)

1D

Occurrence difference  Aw = |w(n,) — w(ng)| (12)
. . __J s%n), for absolute size

Size selection:  a(n) = { s(n), for proportion (13)

As overlapping sizes are used for attributing commonly
labelled nodes, the cost of deleting a node can be justified
by its size. A parameter 6, is introduced here to regulate how
much penalty is applied for not finding a match for a node.
Equation (14) defines this cost:

Cp(n) = 0, X a(n) (14)

Table 1 summarises all the control parameters and their
meanings in customizing a similarity measurement between
any pair of nodes.

Phase 2: Nodes Mapping

Given two relation graphs that represent two congestion
patterns, the previous section shows how to measure the
similarity between any pairs of nodes therein. This section
describes how to come up with a similarity score at the pat-
tern level.

To evaluate how the two patterns match, we formulate the
problem as an assignment problem which finds the so-called

;'"Nodes from
iPattern A's graph

N
\
'
'
'
'
'
'
'
'
'

perfect matching between nodes from the two graphs. That
assignment maximises the total scores from all pairs of
matched nodes under the condition that one node is matched
with exactly another one. This perfect matching (once found)
is considered the best mapping between the two source nodes.
The corresponding total score then indicates the similarity
between the two patterns. An illustration of our assignment
problem is depicted in Fig. 4. A complete bipartite graph
is constructed to show all possible mapping of nodes from
two graphs. The weight of each edge is associated with the
similarity score of corresponding nodes. The solution of
pattern mapping is the perfect matching with the maximum
total edge’ weights. Equation (15) formulates this assignment
approach in mathematical terms.

S(pspp) = argmaxp.q o Z S(n, f(n))
neQ,
where,
Q,=V,Ule,....€}
Qp=VyU{e,....€}
141 = [€25] = [V, + |Vl

as)

The assignment problem is solved by applying the well-
known Hungarian algorithm (also known as the Kuhn-Munkes
algorithm), which was developed by Kuhn (1955). It has
polynomial complexity, in particular, O(n?).

In summary, this section describes how to match two
relation graphs based on the customized graph similarities.
5 parameters (6) are modifiable for users to control the
desired similarity functions from different perspectives, such
as congestion size differences, overall congestion pattern
structures and so on. Next, we will carry out experiments on a
real-world dataset to evaluate the proposed method.
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Fig.5 A broad view of the selected corridor in the experiment. The image is taken from the Open Street Map (OSM)

Experiments

In this section, we demonstrate the proposed framework
to retrieve similar patterns from a collection of traffic
congestion patterns. The analysis includes three aspects.
First, some exemplary queries are conducted, and their
performances are investigated concerning the corresponding
obtained patterns. Second, we discuss the impacts of the
control parameters (in Table 1) for reflecting different
perspectives on similarities between patterns. Third, we
consider the computational complexity and its implication
in applying it to large datasets of the proposed method.

Data and Parameter Settings

To evaluate the proposed method, a corridor on the ring of
Rotterdam is selected, which is one of the busiest highways
in the Netherlands. The total length of the selected road is
approximately 19 km. Figure 5 shows a broad view of one
stretch of the road. This segment is around 4 km long and
comprises several active bottlenecks next to the Rotterdam
central station. These bottlenecks and downstream
bottlenecks have caused much recurrent traffic congestion,
therefore, it is a suitable choice for evaluating our proposed
framework.

Speed data are provided by the National Data Warehouse
(NDW) (ndw.nl), in which each measurement is a one-min-
ute aggregation of average speed (of all lanes at a location)
surpassing the related induction-loop detector’s imple-
mented location. In the raw data, the space interval between
two adjacent loop detectors is not uniform, ranging from

@ Springer

60 to hundreds of meters. To have a better view of result-
ing traffic, we apply the ASM method (Adaptive Smoothing
Method) (Treiber and Helbing 2002; Schreiter et al. 2010)
to map speeds into uniform grids at finer resolutions both
spatially and temporally, namely 100 ms by 30 s. We have
processed data from the entire year of 2018 to obtain 778
patterns, which constitute the collection of traffic congestion
patterns for evaluating our proposed method.

For the similarity measurement, the settings for all
parameters are given in Table 2 (as the first example). By
setting 0,, 0, and 6, to 1, the total differences in type, size,
and frequency, respectively, are fed to the logistic function
to measure related penalties. As 0, is set to 1, similarities
from subsequent nodes are accumulated to the correspond-
ing president nodes. This, to some extent, considers pat-
tern structure. Therefore, we set 8, to 0 to simplify the base
similarity function. This leads to a full assessment of related
attributes when matching two nodes. Chosen values of f set
the changing point of the corresponding logistic function
at the middle of input ranges. Note that there are no strict

Table 2 Control parameter

X R Parameter Value
settings in the conducted
experiment 0, 1
0, 0
0, 1
0, 1
0, 1
logistics L
By Bo) (10,-5)




Data Science for Transportation (2024) 6:18

Page110f18 18

query pattern p1, S =704
™ s
. » -
p4, S = 525 p5, S =520

9, S =259
. -

Fig.6 The 11 most similar patterns returned from searching for
a moving disturbance (shown in the top-left pattern). Patterns are
shown in the same resolution, hence, their size differences can be rel-
atively shown. Note that, regions of congestion at the edges of some

query pattern p1, S = 24908
V4 o
. A
p4, S = 23294 p5, S = 22968
-, “ ”
p8, S = 22231 P9, S = 21845

e,
Fig. 7 Retrieval results of stop-and-go congestion

regulations in selecting these parameters. The presented set-
tings are one of many possibilities.

Retrieval Result Examples

To demonstrate the feasibility of the proposed relation
graph in the retrieval application, we analyse some example
queries, namely for single disturbance, stop-and-go
congestion, homogeneous congestion and a mix of these.
These are typical patterns of congestion that are commonly
observed in traffic data (Helbing et al. 2009; Nguyen et al.
2016, 2019; Krishnakumari et al. 2017).

p2,S =635 p3,S =624
p6, S =315 p7,S =297

4
’, w o

p10, S = 254

.

patterns should be ignored because they are the results of cropping
out the patterns, i.e. they are not included as (main) content of the
patterns. Besides, similarity scores are given as S for each of the pat-
terns

pi1,S=195

‘.

p2, S = 24017 p3, S = 23885
7 7
p6, S = 22555 p7, S = 22335
r. nd{.r- r
P10, S = 21840
p11 S 21506

“h M..

Single Disturbance Retrieval

Figure 6 shows an example of retrieving patterns represent-
ing a single disturbance. The implemented framework suc-
cessfully returned patterns representing small disturbances
as indicated in the query pattern. Regarding the order of
these patterns, some might seem more similar than those in
higher ranks. For example, pattern p4 seems more resem-
bling the query pattern than the above two patterns (in the
order list). The reason is that by choosing areas as an attrib-
ute, we have reduced two dimensions, i.e. spatial and tem-
poral, down to only one. Therefore, introducing propagating

@ Springer
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query pattern p1, S = 11396
-

p4, S = 8153 p5, S = 7897

p8, S = 4444 P9, S = 2983

Fig. 8 Retrieval results of homogeneous congestion

query pattern p1, S = 109839
*

p5, S = 95162

p4, S = 97392

p8, S = 82583

p9, S = 81505

Fig.9 Retrieval results of meta congestion

lengths as attributes for disturbance nodes could fine-tune
the results further.

Stop-and-Go Congestion Retrieval

Stop-and-go traffic waves are another common type of con-
gestion where multiple disturbances occur over time. An
example of retrieving such patterns is shown in Fig. 7. In
the query pattern, a bottleneck is activated, from which
many disturbances emerge. All obtained patterns represent
the same traffic phenomena. By detecting both the primary

@ Springer

p3, S = 8371

Fa ™.

BB:S = 7468 p7, S = 5831
r%.‘%‘"”‘ [y " VSR
r”‘ms”““ 11,8 =2274
‘ p 3
3, S = 108659
p2, § = 109090 B

p7, S = 85759

pi1, S = 80389

bottlenecks and probably the minor upstream secondary
bottleneck, along with multiple disturbances, the obtained
relation graphs are effective for locating patterns with the
same topology.

Homogeneous Congestion Retrieval

An example of retrieving homogeneous congestion is
illustrated in Fig. 8. The given pattern represents signifi-
cantly slow traffic upstream of a bottleneck (probably due
to incidents like accidents). Hence, the two most important
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query pattern p1, S = 8741
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p4, S = 6525 p5, S = 5227
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"L e

Fig. 10 Another retrieval result of the homogeneous congestion in Fig. 8) with different parameter 6, = 2

query pattern p1, S =21025

.. 7

p4, S = 20393 p5, S = 20254

L B
LW o
p9, S = 17918

p8, S = 18019

RIEET  Lalie

p2, S = 20781 p3, S = 20420
y ’
p6, S = 19703 p7, S = 18480

\

Va0

p10,8 = 17719 pi1, S = 17627

Fig. 11 Another retrieval result of the stop-and-go congestion in Fig. 7 by increasing 6,, to 3

components of the corresponding relation graph for this pat-
tern are a bottleneck node and a homogeneity node. Overall,
the obtained patterns do represent the main phenomenon.
Note that the shapes of homogeneous areas in obtained pat-
terns are not necessarily identical to those in the query pat-
tern because the chosen attribute includes only sizes.

Complex Congested Traffic Retrieval

Figure 9 illustrates an attempt to retrieve large-scale
congestion patterns. The query pattern consists of various
types of traffic jams, including disturbances that occur
fairly frequently, multiple bottleneck activation, and a
homogeneous congested area. Many obtained patterns can
cope with these complications in the input pattern, meaning
they have different bottlenecks that cause dense stop-and-go
traffic. Some of them show homogeneous regions. Regarding

the overall structure, several patterns (for instance, pl, p2 or
p3) represent two clusters of disturbances that are potentially
due to the activation of two primary bottlenecks.
Large-scale complex congestion patterns are rare in the
dataset. For example, among the 778 patterns, only 29 patterns
(around 3.5%) have congestion areas that are larger than 50,000
[km X min]. These patterns typically span large areas and coin-
cide with morning or evening peak traffic hours, limiting their
occurrence to at most twice a day. In contrast, smaller and more
isolated congestion patterns are observed more frequently.

Impacts of Control Parameters

In this subsection, we analyse how control parameters
change similarity scores and, hence, alter the ranks of

@ Springer
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query pattern p1, S = 10082
-
p4, S = 7440 p5, S = 5185

Pl

p8, S = 2460

-“

p9, S = 1984

-

Fig. 12 Another retrieval result of the homogeneous congestion in Fig. 8 by increasing the unmatch penalty 6, to 2

r

obtained patterns. This is relevant for customizing retrieval
results.

Size Penalty 6,

0, penalises size differences between two matched nodes.
Therefore, it regulates the importance of searching for
nodes of similar types. To demonstrate this, we modify
0, = 2 for the retrieval in Fig. 8. This modification enforces
a stricter condition on the sizes of matching nodes. The
corresponding result is shown in Fig. 10. Overall, the simi-
larity scores of returned patterns decrease. The order of
patterns consists of various changes such as the promot-
ing of pl (from the 2nd to the 1st place) and p5 (from the
1st to the 5th). In addition, new patterns are also moved
forward, such as p10.

Weight Penalty 6,

0,, controls the frequency of a component’s appearances.
This is mostly relevant to disturbances in stop-and-go traf-
fic patterns. By increasing or decreasing this parameter,
the outcomes are adjusted to be against or in favour of
the differences in the frequencies of disturbances. Fig-
ure 11 demonstrates the impact of increasing 6,, on the
same search made in Fig. 7. Even though there is not much
(overall) difference compared to the previous result, this
new result shows several changes in the order. The new
ranking promotes those patterns with more similar num-
bers of disturbances as in the example pattern. The overall
similarity scores are smaller due to the stricter condition
of occurrence frequencies.
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p2, S = 10050 p3, S = 8147

p6, S = 4121 pT; 8= 8360

" i -
e, J L

Unmatch Penalty 8,

There may be unmatched nodes from two relation graphs.
How much this decreases the similarity score is regulated
by 6,. By lowering this parameter, users opt for finding the
completion of the components in the query pattern, and at
the same time tolerate the existence of extra components
in the target patterns. Similarly, increasing 6, aims for the
compact of target patterns concerning the given pattern. An
example of the effect of increasing 6, is shown in Fig. 12,
which is a modified retrieval of the one in Fig. 8. Since 6,
has a higher value, those patterns with a more compact
representation of homogeneous regions, less other extra
regions, are advanced in the ranking list.

Structural Integrity 6,

The parameters 6, 0, are designed to promote the matching
of pattern structures. A demonstration of their use is illus-
trated in Fig. 13. Figure 13a shows an example in which both
similarities of pairs of matched nodes and their subsequent
nodes are relatively important. On the other hand, by set-
ting 6, = 0.7, the importance of having the same structure
becomes higher while that of node similarities is reduced.
The obtained patterns in Fig. 13b demonstrate the effect of
this change. Differences between components of obtained
patterns and those in query patterns are more tolerant. As
a result, some good similar patterns are advanced to the
top list, e.g. p1, p3, p4, p8. Note that, increasing 6; leads
to low importance levels of node features. This, therefore,
can result in patterns that are quite different from the query
example despite sharing a common structure.

We have shown that users can customize the data
retrieval by tuning the control parameters. To better
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Fig. 13 The effect of the structural integrity

explain how to choose these parameters, we provide a
generic guidance here. We recommend fixing the size pen-
alty 6, = 1 unless there are strict requirements on the size
of each congested area. If users want to specifically study
traffic disturbances, then the weight penalty can be set as
0,, = 2 or 3, otherwise 1. If users are interested in complex
large-scale congestion patterns containing all features,
choose the structural integrity ¢, between 0.7 and 1, other-
wise between 0.1 and 0.3. The unmatch penalty 6, depends
on how much data we have. If the congestion dataset is

p2, S = 71647

1 - -

p10, S = 60876

p11, S = 60726

small and there are not too many similar patterns, choosing
a lower value can give more retrieved patterns.

Time Complexity

The processing time in the proposed method is spent
mainly on relation-graph construction and graph-similarity
measurement. Regarding the former, relation graphs of
all congestion patterns in the database are pre-processed
and registered in advance. Hence, when retrieving data,
only the example pattern needs to be parsed. The pro-
cessing time depends (almost) linearly on the size of the
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Fig. 15 Computation time of measuring the similarity between two relation-graphs: a single pair measurement, b retrieval time from the whole

data (of 778 congestion patterns)

corresponding congestion region (or pattern) as shown in
Fig. 14. In addition, the majority of patterns have sizes of
approximately under 1000 (km X minutes) and take around
60 s to build their relation graphs.

Figure 15 illustrates the computation of relation-graph simi-
larity. This includes times for matching every single pair as
shown in Fig. 15a and the total retrieving time in the experi-
ment dataset shown in Fig. 15b. It can be expected that the
time complexity of the proposed matching method for relation
graphs is polynomial w.r.t graph size (measured in the total
number of nodes and edges). From a close examination of
Fig. 15D, it takes less than one minute to retrieve similar pat-
terns for a pattern of up to 30 nodes plus edges in its relation
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graph. However, the waiting time can be long for large-scale
patterns or a collection of numerous patterns. Therefore,
to scale up the proposed method to larger datasets, further
improvements are necessary. One approach is to narrow down
the search space by some quick pre-processing. For example,
as suggested by Fig. 15a, when retrieving small-scale patterns,
a (computationally) fast filter can be applied to keep only pat-
terns with small numbers of nodes in their relation graphs.
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Conclusion and Perspectives

This paper presents a novel methodological framework
for interpretable pattern representation and customizable
pattern retrieval of highway traffic congestion data.
We demonstrate the efficacy and efficiency of this
framework on a large-scale traffic database that spans the
entire Dutch freeway road network over several years.
Our experiments reveal that the methodology allows
for retrieving interpretable patterns tailored to users’
customized similarity measurements, by adjusting five
control parameters to specify desired pattern types based
on a query example. The scalability of this retrieval
system is supported by time complexity analysis, enabling
expansion to larger datasets. Most importantly, the case
study highlights the success of our method in retrieving
complex patterns across various scenarios, showing that
integrating domain knowledge and causal relation graphs
with pattern recognition techniques greatly enhances
effectiveness.

Our proposed methodology is closely related to other
feature extraction methods, particularly those based on
deep learning, yet it stands apart in several ways. Deep
learning methods are adept at precisely recognizing fun-
damental traffic primitives, such as congestion bottlenecks
and disturbances, but they require a large, well-annotated
dataset for training. In contrast, our training-free frame-
work offers a more feasible option when only raw conges-
tion patterns are available, particularly in the early stages
of data collection. As data accumulates, leveraging the
expanded dataset to train deep neural networks represents
a promising avenue for future research. Additionally, our
method has advantages in explainability and customizabil-
ity for data retrieval. However, as explainable Al emerges,
deep-learning-based search approaches might provide
equally satisfactory results in terms of customizable infor-
mation retrieval in the future.

Future research directions to enhance the proposed
method include addressing computational time concerns.
One approach involves initiating a rough classification of
input patterns, effectively narrowing the search space to a
single class. Another option is a two-step approach that com-
bines generic feature methods with the proposed approach,
using fast-to-compute Euclidean distances to measure simi-
larities between patterns quickly. Additionally, integrating
more relevant characteristics into the relation graph, espe-
cially traffic demand data that drives the evolution of traf-
fic congestion, could further improve the explainability of
pattern representation and refine retrieval outcomes. For
example, users can study the diversity of congestion pat-
terns under similar demand settings. This can give insights
into effective traffic management.

The proposed system is a powerful toolkit to expedite
many studies using traffic congestion data. Here, we give one
closely relevant topic: generative Al for knowledge-guided
rare congestion pattern generation. The proposed unified
representation can be interpreted as a knowledge graph.
For those rare congestion patterns based on a similarity
measurement defined by users, using generative Al to create
similar patterns in batches may ultimately break the barrier
of macroscopic traffic data acquisition.

Acknowledgements The authors acknowledge the Dutch National Data
Warehouse of Traffic Information (NDW) and the European Union’s
Horizon 2020 Research and Innovation program (Grant Agreement No.
688082) for sponsoring this study.

Author Contributions T.T.N proposed the overall conceptualization
and the methodological framework, wrote most of the algorithm code,
developed the software and the web application, prepared figures
from Figure 3, and wrote the main manuscript text. G.L. proposed the
concept of customizable data retrieval, wrote the Python API to the
original code, prepared and revised figures 1-2, and wrote and revised
the manuscript text. S.C.C. provided supervision and resources and
revised the manuscript. H.v.L. provided supervision and resources and
revised the manuscript.

Funding This research is funded by the European Union’s Hori-
zon 2020 Research and Innovation program (Grant Agreement No.
688082) with the Dutch National Data Warehouse of Traffic Informa-
tion (NDW).

Data Availability No datasets were generated or analysed during the
current study.

Declarations
Conflict of interst The authors declare no competing interests.

Ethical Approval Not applicable.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Andrews Sobral LO, Schnitman L, De Souza F (2013) Highway traf-
fic congestion classification using holistic properties. In: 10th
TIASTED international conference on signal processing, pattern
recognition and applications

Bay H, Ess A, Tuytelaars T et al (2008) Speeded-up robust features
(surf). Comput Vis Image Underst 110(3):346-359

@ Springer


http://creativecommons.org/licenses/by/4.0/

18 Page180f18

Data Science for Transportation (2024) 6:18

Blondel VD, Gajardo A, Heymans M et al (2004) A measure of simi-
larity between graph vertices: applications to synonym extraction
and web searching. SIAM Rev 46(4):647-666

Boquet G, Morell A, Serrano J et al (2020) A variational autoencoder
solution for road traffic forecasting systems: missing data imputa-
tion, dimension reduction, model selection and anomaly detection.
Transp Res Part C Emerg Technol 115:102622

Bunke H (1997) On a relation between graph edit distance and maxi-
mum common subgraph. Pattern Recognit Lett 18(8):689-694

Calvert SC, Van Den Broek TA, van Noort M (2011) Modelling coop-
erative driving in congestion shockwaves on a freeway network.
In: 2011 14th international IEEE Conference on Intelligent Trans-
portation Systems (ITSC). IEEE, pp 614-619

Calvert S, Taale H, Snelder M et al (2018) Improving traffic manage-
ment through consideration of uncertainty and stochastics in traf-
fic flow. Case Stud Transp Policy 6(1):81-93

Chan TF, Vese LA (2001) Active contours without edges. IEEE Trans
Image Process 10(2):266-277

Chen C, Skabardonis A, Varaiya P (2004) Systematic identification
of freeway bottlenecks. Transp Res Rec J Transp Res Board
1867:46-52

Conte D, Foggia P, Sansone C et al (2004) Thirty years of graph
matching in pattern recognition. Int J Pattern Recognit Artif Intell
18(03):265-298

Cootes TF, Taylor CJ, Cooper DH et al (1995) Active shape mod-
els-their training and application. Comput Vis Image Underst
61(1):38-59

Datta R, Joshi D, Li J et al (2008) Image retrieval: ideas, influences,
and trends of the new age. ACM Comput Surv (Csur) 40(2):1-60

Emmert-Streib F, Dehmer M, Shi Y (2016) Fifty years of graph
matching, network alignment and network comparison. Inf Sci
346:180-197

Ermagun A, Levinson D (2019) Spatiotemporal short-term traffic fore-
casting using the network weight matrix and systematic detrend-
ing. Transp Res Part C Emerg Technol 104:38-52

Fafoutellis P, Vlahogianni EI (2023) Unlocking the full potential of
deep learning in traffic forecasting through road network repre-
sentations: a critical review. Data Sci Transp 5(3):23

Foggia P, Percannella G, Vento M (2014) Graph matching and learning
in pattern recognition in the last 10 years. Int J Pattern Recognit
Artif Intell 28(01):1450001

Gao X, Xiao B, Tao D et al (2010) A survey of graph edit distance.
Pattern Anal Appl 13(1):113-129

Girtner T, Flach P, Wrobel S (2003) On graph kernels: hardness
results and efficient alternatives. In: Learning theory and kernel
machines. Springer, pp 129-143

Haralick RM, Shanmugam K, Dinstein IH (1973) Textural features for
image classification. IEEE Trans Syst Man Cybern 6:610-621

Helbing D, Treiber M, Kesting A et al (2009) Theoretical vs empirical
classification and prediction of congested traffic states. Eur Phys
J B Condens Matter Complex Syst 69(4):583-598

Kim J, Mahmassani HS, Vovsha P et al (2013) Scenario-based
approach to analysis of travel time reliability with traffic simula-
tion models. Transp Res Rec 2391(1):56-68

Krishnakumari P, Nguyen T, Heydenrijk-Ottens L et al (2017) Traf-
fic congestion pattern classification using multiclass active shape
models. Transp Res Rec 2645(1):94-103

Kuhn HW (1955) The Hungarian method for the assignment problem.
Naval Res Logist Q 2(1-2):83-97

LiY, Yu R, Shahabi C et al (2017) Diffusion convolutional recurrent
neural network: data-driven traffic forecasting. arXiv preprint
arXiv:1707.01926

Li G, Knoop VL, Van Lint H (2021) Multistep traffic forecasting by
dynamic graph convolution: interpretations of real-time spatial
correlations. Transp Res Part C Emerg Technol 128:103185

@ Springer

Lopez C, Leclercq L, Krishnakumari P et al (2017) Revealing the
day-to-day regularity of urban congestion patterns with 3d speed
maps. Sci Rep 7(1):14029

Ma X, Dai Z, He Z et al (2017) Learning traffic as images: a deep con-
volutional neural network for large-scale transportation network
speed prediction. Sensors 17(4):818

Nguyen HN, Krishnakumari P, Vu HL et al (2016) Traffic congestion
pattern classification using multi-class svm. In: 2016 IEEE 19th
International Conference on Intelligent Transportation Systems
(ITSC). IEEE, pp 1059-1064

Nguyen TT, Krishnakumari P, Calvert SC et al (2019) Feature extrac-
tion and clustering analysis of highway congestion. Transp Res
Part C Emerg Technol 100:238-258

Nguyen TT, Calvert SC, Vu HL et al (2021) An automated detection
framework for multiple highway bottleneck activations. IEEE
Trans Intell Transp Syst 23(6):5678-5692

Riesen K (2015) Structural pattern recognition with graph edit dis-
tance. In: Advances in computer vision and pattern recognition.
Springer

Schreiter T, van Lint H, Treiber M et al (2010) Two fast implementa-
tions of the adaptive smoothing method used in highway traffic
state estimation. In: 2010 13th International IEEE Conference on
Intelligent Transportation Systems (ITSC). IEEE, pp 1202-1208

Treiber M, Helbing D (2002) Reconstructing the spatio-temporal traf-
fic dynamics from stationary detector data. Coop Transp Dyn
1(3):1-3

van de Weg GS, Vu HL, Hegyi A et al (2018) A hierarchical control
framework for coordination of intersection signal timings in all
traffic regimes. IEEE Trans Intell Transp Syst 20(5):1815-1827

Van Lint J, Hoogendoorn S, van Zuylen HJ (2005) Accurate freeway
travel time prediction with state-space neural networks under
missing data. Transp Res Part C Emerg Technol 13(5-6):347-369

van Lint H, Nguyen TT, Krishnakumari P et al (2020) Estimating the
safety effects of congestion warning systems using carriageway
aggregate data. Transp Res Rec 2674(11):278-288

Vlahogianni EI, Karlaftis MG, Golias JC (2005) Optimized and
meta-optimized neural networks for short-term traffic flow pre-
diction: a genetic approach. Transp Res Part C Emerg Technol
13(3):211-234

Wang Y, Papageorgiou M, Messmer A (2006) Renaissance—a uni-
fied macroscopic model-based approach to real-time freeway
network traffic surveillance. Transp Res Part C Emerg Technol
14(3):190-212

Wang C, Quddus MA, Ison SG (2009) Impact of traffic congestion on
road accidents: a spatial analysis of the m25 motorway in England.
Accident Anal Prev 41(4):798-808

Wieczorek J, Fernandez-Moctezuma RJ, Bertini RL (2010) Tech-
niques for validating an automatic bottleneck detection tool using
archived freeway sensor data. Transp Res Rec 2160(1):87-95

Yin X, Wu G, Wei J et al (2021) Deep learning on traffic prediction:
methods, analysis, and future directions. IEEE Trans Intell Transp
Syst 23(6):4927-4943

Zager LA, Verghese GC (2008) Graph similarity scoring and matching.
Appl Math Lett 21(1):86-94

Zhao T, Nie YM, Zhang Y (2014) Extended spectral envelope method
for detecting and analyzing traffic oscillations. Transp Res Part B
Methodol 61:1-16

Zheng Z, Ahn S, Chen D et al (2011) Applications of wavelet transform
for analysis of freeway traffic: bottlenecks, transient traffic, and
traffic oscillations. Transp Res Part B Methodol 45(2):372-384

Zhou W, Li H, Tian Q (2017) Recent advance in content-based image
retrieval: a literature survey. arXiv preprint arXiv:1706.06064

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.


http://arxiv.org/abs/1707.01926
http://arxiv.org/abs/1706.06064

	Interpretable Representation and Customizable Retrieval of Traffic Congestion Patterns Using Causal Graph-Based Feature Associations
	Abstract
	Introduction
	Methodological Framework
	Causal Relation-Graph-Based Pattern Representation
	Feature Extraction
	Traffic Bottleneck (B)
	Traffic Disturbances (D)
	Homogeneous Congestion (H)

	Causal Relation-Graph Formulation

	Customizable Similarity Measurement
	Graph Matching
	Phase 1: Nodes Similarity
	Phase 2: Nodes Mapping

	Experiments
	Data and Parameter Settings
	Retrieval Result Examples
	Single Disturbance Retrieval
	Stop-and-Go Congestion Retrieval
	Homogeneous Congestion Retrieval
	Complex Congested Traffic Retrieval

	Impacts of Control Parameters
	Size Penalty 
	Weight Penalty 
	Unmatch Penalty 
	Structural Integrity 

	Time Complexity

	Conclusion and Perspectives
	Acknowledgements 
	References




