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Abstract
Spatial causality in urban traffic networks explores how events or conditions
in one location affect those in another. Unveiling congestion spatial causality
is crucial for identifying congestion-inducing bottlenecks in traffic networks
and offering valuable insights for traffic network management and control. This
study introduces the traffic-convergent-cross-mapping (T-CCM)method, a state-
space-reconstruction approach from the dynamic system perspective, to identify
causality among roads within urban traffic networks using time series data.
Simultaneously, it effectively addresses the intricate challenges of uncertainty
and interdependency among sensors caused by traffic flow dynamics. Empirical
findings from real-world (PeMS-Bay area) traffic speed data validate the effective-
ness of the T-CCMmethod in detecting causality. This study reveals bidirectional
causal effects between downstream and upstream roads in short-term conges-
tion generation and dissipation periods, which can pinpoint congestion origins
and inform quick traffic management response. Furthermore, it elucidates the
long-term causality impacts between distant roads, particularly with regard to
traveler choices and road land use attributes, guiding infrastructure investment
and public transit improvements.

1 INTRODUCTION

The rapid advancement of intelligent transportation sys-
tems (ITS) has facilitated the collection of time-series data
from diverse sources such as sensors, roadside units, and
Global Positioning System (GPS) devices. Time series data,
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rich in sequential observations over time, are pivotal for
analyzing traffic dynamics, offering insights into traffic
evolutions, patterns, and the complex interactions within
urban traffic networks (G. Huang et al., 2021; Zou et al.,
2024). The ability to capture the complex dynamics of traf-
fic networks through traffic time-series data is essential
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for understanding spatial dependencies and interactions
among road segments.
Analyzing the spatial dependency of road sec-

tions/sensors within time-series traffic data holds great
promise for both theoretical and practical applications,
including traffic prediction and estimation (W. Chen et al.,
2020; H. Huang et al., 2023), traffic pattern clustering
(Celikoglu & Silgu, 2016; Ryu et al., 2022), traffic anomaly
detection (Boquet et al., 2020), and coordinated control
(Peng & Xu, 2023). By unraveling the spatial dependencies
within the time-series traffic data, researchers can gain
valuable insights into the underlying mechanisms that
govern traffic dynamics. This understanding facilitates
the development of more effective strategies for traffic
management and control.
In urban traffic research, one approach to measuring

spatial dependencies involves modeling traffic propaga-
tion, where the core lies in the conservation law of vehicles
and the fundamental diagram. These studies can be classi-
fied into continuum models, such as Lighthill–Whitham–
Richards model (Lighthill & Whitham, 1955; Richards,
1956), as well as its derivation versions that described kine-
matic and rarefaction waves (Jin et al., 2015; Qin et al.,
2021; A. Zhou et al., 2023), and discretemodels, like the cell
transmissionmodel (Jin, 2021; Z. Zhang et al., 2022), which
describe traffic as a discrete process in time and space.
While these model-based methods have advanced

understanding in literature, they have limitations in com-
prehensively describing the complexities and uncertainty
inherent in urban traffic networks (Mohammadian et al.,
2021; Ngoduy, 2021), often requiring adjustments for spe-
cific real-world scenarios like capacity variations(Jin et al.,
2015; Kim&Cassidy, 2012), ormulti-class traffic conditions
(Qin et al., 2021). Achieving an accurate real-world traffic
model is challenging due to noise and driver stochasticity,
further complicated by the need for parameter calibra-
tion or estimation (Cheng et al., 2022; Ghosh-Dastidar
& Adeli, 2006; Jiang & Adeli, 2004; Ngoduy, 2021; X. S.
Zhou et al., 2022). Moreover, the literature on addressing
network-wide spatial dependencies is limited, with most
studies at the link or corridor level facing challenges due to
the unpredictability of travel behavior and the complexity
involved in accurately modeling physical dynamics across
large-scale networks (Y. Chen, Mao, et al., 2022; Saeed-
manesh & Geroliminis, 2016). The intricate interactions
and interdependencies among various factors influencing
traffic dynamics contribute to the complexity and uncer-
tainty of the situation, making it difficult to fully capture
and accurately model the underlying mechanisms. There-
fore, a more general data-driven framework is preferable
for real-world applications.
In addition to traditional traffic flow methods, recent

research, supported by abundant traffic time-series data,

has leveraged statisticalmathematics and information the-
ory methods to quantify road dependencies within urban
traffic networks. Measurements such as the Pearson cor-
relation coefficient (Habtemichael & Cetin, 2016; Ke et al.,
2021) and Spearman coefficient (Dai et al., 2019) have
been used to detect correlations between sensors or roads
through time-series data. However, these linear measure-
ments are inadequate for capturing the non-linear effects
prevalent in complex urban traffic systems (Mohamma-
dian et al., 2021). Moreover, it is important to acknowledge
the limitations of correlation analysis when trying to
capture the complex dynamics of urban traffic systems,
considering the anisotropic nature of traffic propagation
in the spatial-temporal domain (Daganzo, 1995). While
correlations may indicate associations between variables,
they do not necessarily imply a causal (cause–effect) rela-
tionship, which in traffic systems can refer to the true
underlying dynamics of traffic flow that manifested as
observed upstream–downstream traffic propagation pat-
terns. That is to say, analyzing the statistical spatial
causality present in time-series traffic data of roads offers
a more accurate approach to infer traffic propagation and
interaction between different road segments than relying
on correlation analyses.
In this response, the Granger causality test has been

explored to investigate spatial causality in urban traffic net-
works (L. Li et al., 2015; K. Zhang et al., 2020). Granger
causality framework (Granger, 1969) is proposed based on
the assumption that if a variable x has unique information
that can improve the prediction of variable y, then x can
be regarded as the causal of y. However, it should be noted
that the Granger causality test may not be well-suited for
identifying causality in urban traffic systems. The chal-
lenge arises from the requirement of independent variables
as a prerequisite in the Granger causality test (Granger,
1969; Sugihara et al., 2012), while characterizing partic-
ipants of the urban traffic system as independent from
one another is inappropriate due to traffic propagation. In
urban networks, each pair of upstream and downstream
time series may contain information from each other,
namely, interdependency between sensors caused by traf-
fic flow dynamics. This renders the Granger causality test
less suitable for non-separable urban traffic systems.
Given the limitation of Granger causality tests in identi-

fying spatial causality in urban traffic networks, an alter-
native approach is required to overcome the challenges
posed by the interdependency and system uncertainty
inherent in such complex systems. Fortunately, state-space
reconstruction (or attractor reconstruction) from time-
series data presents a promising solution for analyzing the
non-separable dynamic system (Perretti et al., 2013; Ye,
Beamish, et al., 2015). Based on Takens’ embedding theo-
rem (Takens, 1981), thismethod enables the reconstruction
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of the state space of a dynamical system from its observed
time-series data, which essentially embeds the data into
a higher-dimensional space. Consequently, this process
reveals hidden patterns of interaction relationships within
the dynamical system that are not evident in the observed
or provided time-series (Ge&Lin, 2022). State-space recon-
struction method has played an important role in ana-
lyzing non-linear dynamic systems across various fields,
including economics, ecology, and information systems
(Deyle et al., 2016; Leng et al., 2020; Perretti et al., 2013;
Runge, 2018; Wang et al., 2020). Specifically, Sugihara
et al. (2012) introduced a theoretical method known as
convergent cross-mapping based on state-space recon-
struction, which aims to detect statistical causality in
dynamic systems. This method bridges the gaps left by
the Granger causality tests, particularly in detecting causal
relationships in non-separable systems.
This paper aims to address the challenges of uncer-

tainty and road interdependency in detecting the spatial
dependency, especially spatial causality, of urban traffic
systems. Inspired by the work of Sugihara et al. (2012),
we propose a spatial causality detection framework for
dynamic traffic systems, named traffic convergent cross-
mapping (T-CCM). The T-CCM method aims to uncover
the spatial causality among road segments using only
traffic time-series data collected from sensors. Based on
the reconstructed road state system from time-series data,
it identifies both short-term causal impacts observed
through nearby sensors during congestion periods and
long-term causal impacts influenced by factors at monthly
or even yearly scales, such as vehicle travel preferences,
land usage, and points of interest (POIs). Specifically, this
method offers insights into traffic propagation across roads
at various temporal scales, aiding in the identification of
roads or clusters requiring targeted intervention to miti-
gate or prevent congestion. This contributes to improved
traffic flow and enhanced urban mobility. Summing up,
the main contributions of this work are as follows:

1. This study presents T-CCM, a novel causality detec-
tionmethod designed for urban traffic networks, which
employs state-space analysis. Different from traditional
traffic-flow-based approaches, T-CCM identifies net-
work traffic interactions between sensors, offering new
avenues to interpret traffic evolution in dynamic urban
systems.

2. By employing only traffic time-series data, T-CCM
overcomes the challenges of sensor interdependency
and inherent uncertainty within urban traffic networks
when assessing spatial dependencies among roads. This
approach enables a clear and precise evaluation of spa-
tial causality, thereby improving the analysis of urban
traffic dynamics.

3. The T-CCM method offers a dual time-scale analy-
sis, capturing both the immediate, short-term road
interactions and the broader, long-term trends within
urban traffic networks. With different time-series input
lengths, T-CCM can depict short-term congestion prop-
agation between sensors as well as long-term behaviors,
such as spatial aggregation and travel choices,which are
crucial for effective traffic management and planning.

Compared with recent studies on identifying relation-
ships among roads, such as spatial dependency correlation
measurement (Ke et al., 2021) and the Granger causality
method (L. Li et al., 2015), the T-CCM method can mea-
sure causality among roads within urban traffic networks,
considering systemuncertainty and road interdependency,
as detailed in Table 1.
The rest of this paper is organized as follows. Section 2

introduces the basic definition and mathematical theo-
ries of state-space reconstruction and T-CCM. Section 3
illustrates the experiment results and analyses of the T-
CCM method based on real-world data. This section also
presents discussions and limitations. Finally, conclusions
and potential future works are summarized in Section 4.

2 METHODS

This section outlines the mathematical method, starting
with the introduction of state-space reconstruction for traf-
fic systems, followed by the elaboration of the T-CCM
method designed for spatial causality detection in urban
traffic networks.

2.1 State-space reconstruction for
traffic systems

As a dynamic system evolving over time, the trajectory
paths depicting the interactions between its components
converge to a mathematical construct called a “manifold”
denoted as𝐌 (Perretti et al., 2013; Ye, Beamish, et al., 2015).
The manifold is introduced as a geometric representation
to capture the underlying dynamics of the system, where
each point represents a unique state of the system. How-
ever, directly accessing the manifold can be challenging,
mainly due to its high dimensionality and complexity in
real-world systems.
To overcome this challenge, a technique known as state-

space (or attractor) reconstruction has been proposed to
approximately estimate the originmanifold. This approach
suggests that if a set of time series from a single variable
belongs to a manifold 𝐌, then its corresponding shadow
manifold, denoted as 𝐌𝑠, can be reconstructed through
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TABLE 1 Method comparison.

Methods
Identified
relationships

System
uncertainty

Road interde-
pendency

Spatial correlation Correlation × –
Granger causality Causality – ×

T-CCM (this paper) Causality √ √

Abbreviation: T-CCM, traffic-convergent-cross-mapping.

F IGURE 1 State-space reconstruction illustration, Lorenz System (Uzal et al., 2011).

a lagged-coordinate embedding operation (Takens, 1981).
This reconstructed shadowmanifold is a representation of
the system’s dynamics based on limited observations. The
state-space reconstruction process to construct the shadow
manifold𝐌𝑠 for time 𝑡 proceeds as follows:

𝐌𝑠 = [𝑆 (𝑡) , 𝑆 (𝑡 − 𝜏) , … , 𝑆 (𝑡 − (𝐸 − 1) 𝜏)] (1)

where 𝑆(⋅) denotes the system’s observation vector, rep-
resenting a series of dynamical projections on a certain
coordinate axis; 𝑡 is the time index; 𝜏 is the positive time
lag; 𝐸 is the embedding dimension (ranging between d

and 2d + 1, where d is the dimension of the system (Deyle
et al., 2016; Takens, 1981)). The parameter 𝜏 determines
the time interval between successive data points used
for embedding, while 𝐸 determines the dimension of the
reconstructed state space. Thus, the shadow manifold𝐌𝑠

can be approximately reconstructed through vectors.
To illustrate the state-space reconstruction of dynamic

systems, we consider the well-known Lorenz System with
classical values of parameters (Kuznetsov et al., 2020)

shown in Figure 1. The upper-left shows the real mani-
fold𝐌 depicted through trajectories in three-dimensional
(X-Y-Z) space. The projection of the real manifold on the
X-axis generates a one-dimensional time-series𝑋(𝑡). Next,
the time-delay embedding process is employed by tak-
ing 𝑋(𝑡) as the original time-series and time lagged unit
𝜏, generating two time-series 𝑋(𝑡 − 𝜏) and 𝑋(𝑡 − 2𝜏) for
reconstruction.
Given these three time series as new coordinates of

the reconstructed space, the shadow manifold𝐌𝑠 can be
rebuilt as shown in the left-bottom plot of Figure 1. The
shadow manifold exhibits geometric structures and local
properties similar to those of the original manifold 𝐌.
For instance, certain properties of the space at same-time
points, denoted by triangles, remain unchanged, preserv-
ing the relationships between points and the overall shape
of the attractor. This is attributed to the topologically
invariant of the two manifolds (𝐌𝑠 and 𝐌; Takens, 1981;
Wang et al., 2020), thereby allowing to study the dynam-
ics of 𝐌 through its accessible representation 𝐌𝑠 based
on available time-series data. This process exemplifies how
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to reconstruct a state space from time series data, a foun-
dational step in the T-CCM method for analyzing urban
traffic networks.
Urban traffic networks can be regarded as dynamic sys-

tems where roads, vehicles, and traffic signals interact in
complex ways. The challenge in urban traffic systems, sim-
ilar to understanding the Lorenz System’s chaos, lies in
capturing the complete state-space of the system’s man-
ifold. This is often impractical due to the limitations in
measurement capabilities and the discrete nature of traffic
data collection. Yet, by employing state-space reconstruc-
tion techniques, the traffic process 𝜙 can be reconstructed
to shadow manifold 𝐌𝑠 by time-series data representing
fundamental traffic variables such as speed.
In this context, our study focuses on traffic speed as the

primary observational variable for the urban traffic sys-
tem,while acknowledging that volumeor occupancy could
alternatively be used. For a set of roads 𝐫 = {𝑟1, 𝑟2, … , 𝑟𝑁},
each road/sensor is treated as a unique subsystem of
the network, leading to the creation of a set of road
shadowmanifolds𝐌𝐫

𝑠 = {𝐌
𝑟1
𝑠 ,𝐌

𝑟2
𝑠 , … ,𝐌

𝑟𝑛
𝑠 }, each approx-

imating the system’s dynamics within the constraints of
data availability. Specifically, the shadowmanifold for each
subsystem (road) is approximately formulated as

𝐌
𝑟𝑖
𝑠 =

[
𝐒
𝑟𝑖
𝑡 , 𝐒

𝑟𝑖
𝑡−𝜏, … , 𝐒

𝑟𝑖
𝑡−(𝐸−1)𝜏

]
(2)

where 𝐒𝑟𝑖
𝑡−(𝐸−1)𝜏

represents the traffic speed vector of road
𝑟𝑖 at time 𝑡 − (𝐸 − 1)𝜏, where 1 + (𝐸 − 1)𝜏 ≤ t ≤ 𝑇, and 𝑇
is the total time-series length.
The state-space reconstruction approach, as described

above, serves as a foundational tool for subsequent anal-
ysis. One of the primary strengths of this approach is
its ability to approximate the underlying dynamic system
using a single type of time-series data. This is particularly
beneficial for urban traffic systems, where fully capturing
the underlyingmanifold of the system is often impractical.

2.2 T-CCM for urban traffic causality
detection

2.2.1 Preliminaries and overall framework

It is widely acknowledged that participants within urban
traffic systems exhibit interactions and correlations with
each other. Beyond these correlations, there also exist
causal relationships between participants. The T-CCM
approach is introduced to tackle challenges in detecting
spatial causality within traffic time-series data, specifically
adapted to handle the uncertainty and interdependency
encountered in analyzing urban traffic dynamics.
The T-CCM method for detecting spatial causality in

urban traffic systems can be formulated as follows: Given

the network-scale time-series data of traffic speed 𝐒𝐫𝐭 ∈

ℝ𝑇×𝑁 , where 𝐫 = {𝑟1, 𝑟2, … , 𝑟𝑁} represents a set of roads
and 𝐭 = {𝑡1, 𝑡2, … , 𝑡𝑇} is the set of time stamps, calculate
the causalitymatrix𝐂𝑁𝑁 ∈ ℝ𝑁×𝑁 that reflects the strength
of causal interactions between roads with different input
lengths.
Figure 2 illustrates the framework of the T-CCMmethod

for uncovering spatial causality in traffic speeds across an
urban network with the following steps:

Step 1: Initialize with a speed matrix for N roads over
time T, considering each road as a subsystem. Con-
duct state-space reconstruction using embedding
dimension (E), delay time (τ), and the number of
time lags (L, L = T − (E − 1)τ), and obtain a traffic
speed state space for each road/sensor as a L × E
matrix.

Step 2: Identify the E + 1 nearest neighbors and their
time indices for each speed state vector in the recon-
structed speed state space of each road. For each
road, there will be L × (E + 1) format.

Step 3: Calculate normalized distance weights for each
speed vector, reflecting the relative proximity of
vector points. Theseweights form aweight distance
matrix and will be used to estimate the shadow
manifold for each road.

Step 4: Quantify the causality coefficient for road
pairs by comparing the differences between the
estimated and original reconstructed speed shadow
manifolds, encapsulated in the causality matrix.

Specifically, if the state of one road causally influ-
ences another, this interaction is captured within the
shadow manifolds: The state information of the influ-
encing road is recorded within the shadow manifold of
the influenced road. Moreover, the strength of this causal
relationship is quantifiable by assessing the convergence
between the estimated shadowmanifold of the influencing
road—derived from the shadowmanifold of the influenced
road—and the actual shadow manifold of the influencing
road itself. This is also the core of the causality coeffi-
cient matrix calculation process, wherein the elements,
causality coefficient values, are computed by quantifying
the differences between the actual values in the shadow
manifold and their respective estimations.

2.2.2 Causality coefficient matrix
calculation

Given the spatial-temporal speed data 𝐒𝐫𝐭 with the shape of
(𝑇,𝑁), where 𝑇 denotes the total time stamps and𝑁 repre-
sents the number of roads, the state-space reconstruction,
with the embedding dimension 𝐸 and the time delay lag 𝜏,
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F IGURE 2 Overall framework of traffic-convergent-cross-mapping (T-CCM).

generates the speed shadow manifold for road 𝑟𝑖 as a sub-
system can be𝑀𝑟𝑖,𝑇−(𝐸−1)𝜏,𝐸

𝑠 =
[
𝐒
𝑟𝑖,𝐸
𝑡 , 𝐒

𝑟𝑖 ,𝐸
𝑡−𝜏 , … , 𝐒

𝑟𝑖 ,𝐸

𝑡−(𝐸−1)𝜏

]
∈

ℝ(𝑇−(𝐸−1)𝜏)×𝐸 . For simplicity, we set the input time length
as 𝐿 = 𝑇 − (𝐸 − 1)𝜏 and the time stamp set as 𝐭L =

{𝑡1, 𝑡2, … , 𝑡𝐿}. Consequently, a three-dimensional tensor
[𝐌𝑠]𝑁×𝐿×𝐸 = {𝐌

𝑟1,𝐿,𝐸
𝑠 ,𝐌

𝑟2,𝐿,𝐸
𝑠 , … ,𝐌

𝑟𝑁,𝐿,𝐸
𝑠 } with the shape

of (𝑁, 𝐿, 𝐸) is formed to represent the network’s speed
shadow manifold.
For each road 𝑟𝑖 in the network, the first step is to find

the 𝐸 + 1 nearest neighbors of vectors in the speed shadow
manifold for each time stamp 𝑡 (𝑡 ∈ 𝐭L). The distance
between vectors at time stamps can be calculated using
Equation (3), where 𝑑𝑟𝑖𝑡𝑎𝑡𝑏 is the E-dimensional Euclidean
distance between time stamps 𝑡𝑎 and 𝑡𝑏 in the shadow
manifold 𝐌

𝑟𝑖,𝐿,𝐸
𝑠 of road 𝑟𝑖; 𝑆

𝑟𝑖,𝑒𝑗
𝑡𝑎

and 𝑆
𝑟𝑖,𝑒𝑗
𝑡𝑏

denote the
element of the jth dimension on time stamp 𝑡𝑎 and 𝑡𝑏,
respectively.

𝑑
𝑟𝑖
𝑡𝑎𝑡𝑏

=

⎛⎜⎜⎝
𝐸∑

𝑒𝑗=1

(𝑆
𝑟𝑖 ,𝑒𝑗
𝑡𝑎

− 𝑆
𝑟𝑖,𝑒𝑗
𝑡𝑏

)
2⎞⎟⎟⎠
1∕2

(3)

Subsequently, for each time stamp 𝑡, the distances of
𝐸 + 1 nearest neighbors of vectors, along with their cor-
responding time indices, are restored in descending order
using Equations (4) and (5):

𝐃
𝑟𝑖,𝑡

𝐸+1
=
[
𝑑
𝑟𝑖,𝑡

1
, 𝑑

𝑟𝑖 ,𝑡

2
, … , 𝑑

𝑟𝑖 ,𝑡

𝐸+1

]
(4)

𝐭
𝑟𝑖 ,𝑡

𝐸+1
=

[
𝑡
𝑟𝑖 ,𝑡

1
, 𝑡
𝑟𝑖 ,𝑡

2
, … , 𝑡

𝑟𝑖 ,𝑡

𝐸+1

]
(5)

where 𝐃𝑟𝑖
𝐸+1

and 𝐭𝑟𝑖 ,𝑡 are the distance vector, ordered by
closeness of 𝐸 + 1 nearest neighbors of vectors, and its cor-

responding time index vector at time stamp 𝑡, respectively;
𝑑
𝑟𝑖,𝑡
𝑝 and 𝑡

𝑟𝑖 ,𝑡
𝑝 denote the distance and its corresponding

time index of the pth nearest point of the speed vector at
time 𝑡, respectively.
Extending this to the input time length 𝐿, the recorded

distance forms a matrix with the shape of (𝐿, 𝐸 + 1),
denoted as 𝐃𝑟𝑖,𝒕𝐿

𝐸+1
= [𝐃

𝑟𝑖,𝑡1
𝐸+1

, 𝐃
𝑟𝑖,𝑡2
𝐸+1

, … ,𝐃
𝑟𝑖,𝑡𝐿
𝐸+1

]
T

∈ ℝ𝐿×(𝐸+1).
Analogously, the corresponding time index matrix can
be 𝐭

𝑟𝑖 ,𝐭𝐿
𝐸+1

= [𝐭
𝑟𝑖 ,𝑡1
𝐸+1

, 𝐭
𝑟𝑖 ,𝑡2
𝐸+1

, … , 𝐭
𝑟𝑖 ,𝑡𝐿
𝐸+1

]
T

∈ ℝ𝐿×(𝐸+1). Note that
according to Equations (2) and (3), the input time length
should fall within the range of (𝐸+1,𝑇 − (𝐸−1)𝜏).
Next, the normalized distance weight, used for speed

shadow manifold estimation, can be calculated as Equa-
tions (6)–(8):

𝐮
𝑟𝑖,𝑡𝑗
𝐸+1

= exp
(
−𝐃

𝑟𝑖,𝑡𝑗
𝐸+1

∕𝐃
𝑟𝑖,𝑡1
𝐸+1

)
(6)

𝐰
𝑟𝑖,𝑡𝑗
𝐸+1

= 𝐮
𝑟𝑖,𝑡𝑗
𝐸+1

∕

𝐸+1∑
𝑒=1

𝐮
𝑟𝑖 ,𝑡𝑗
𝑒 (7)

𝐰
𝑟𝑖,𝒕𝐿
𝐸+1

=
{
𝐰

𝑟𝑖,𝑡1
𝐸+1

,𝐰
𝑟𝑖,𝑡2
𝐸+1

, … ,𝐰
𝑟𝑖,𝑡𝐿
𝐸+1

}
∈ ℝ𝐿×(𝐸+1) (8)

where 𝐮
𝑟𝑖,𝑡𝑗
𝐸+1

is the Euclidean distance weight for road 𝑟𝑖 at
time 𝑡𝑗 (𝑡𝑗 ∈ 𝐭𝐿), with the shape of (1, 𝐸 + 1);𝐰

𝑟𝑖,𝑡𝑗
𝐸+1

denotes
the normalized distance weight of 𝑟𝑖 , which is obtained
by dividing 𝐮

𝑟𝑖,𝑡𝑗
𝐸+1

by its summation of the Euclidean dis-
tance weight along 𝐸 + 1 vectors; 𝐰𝑟𝑖,𝐭𝐿

𝐸+1
represents the

normalized weight matrix for the input time length 𝐿.
The speed shadowmanifold estimation process can now

be carried out using the time index matrix 𝐭𝑟𝑖 ,𝐿
𝐸+1

and nor-
malizedweightmatrix𝐰𝑟𝑖,𝐭𝐿

𝐸+1
. Considering an arbitrary pair

of roads 𝑟𝑋 and 𝑟𝑌 , with road 𝑟𝑌 being the target one. The
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MAO et al. 307

estimation of shadow manifold of 𝑟𝑌 can be calculated as

𝑌̂ (𝐿)|𝐌𝑟𝑋
𝑠 =

𝐸+1∑
𝑒=1

𝐰
𝑟𝑋,𝒕𝐿
𝑒 ⊙𝐌

𝑟𝑌,𝐭
𝑟𝑋 ,𝐿

𝐸+1
,𝑒

𝑠 (9)

where 𝑌̂(𝐿)|𝐌𝑟𝑋
𝑠 represents the estimated speed shadow

manifold of road 𝑟𝑌 based on the shadow manifold of 𝑟𝑋 ,
with the input time length 𝐿; 𝐰𝑟𝑋,𝐭𝐿

𝑒 denotes the normal-
ized weight matrix of the eth dimension, generated from
the shadow manifold of 𝑟𝑋 , and the symbol⊙ denotes the

Hadamard product;𝐌
𝑟𝑌,𝐭

𝑟𝑋 ,𝐿

𝐸+1
,𝑒

𝑠 is obtained from the shadow
manifold of 𝑟𝑌 , where the vectors of the second dimension
are assigned by the time index matrix 𝐭𝑟𝑋,𝐭𝐿

𝐸+1
of 𝑟𝑋 .

Consequently, the causality coefficient of 𝑟𝑌 affected by
𝑟𝑋 with input time series set 𝐭𝐿, 𝐶

𝐭𝐿
𝑟𝑋𝑟𝑌

, can be computed
through Equation (10) as follows:

𝐶
𝑡𝐿
𝑟𝑋𝑟𝑌

= 𝜌%
(
𝐌

𝑟𝑌,𝐿,𝐸
𝑠 , 𝑌̂ (𝐿)

|||𝐌𝑟𝑋
𝑠

)
(10)

where 𝜌̄ denotes the mean calculation process of the cor-
relation coefficient (correlation calculation in this paper,
ranging from −1 to 1), aiming at measuring how well the
estimation values couple to the real values;𝐌𝑟𝑌,𝐿,𝐸

𝑠 is the
reconstructed shadow manifold of 𝑟𝑌 , and 𝑌̂(𝐿)|𝐌𝑟𝑋

𝑠 rep-
resents the estimated shadowmanifold of road 𝑟𝑌 based on
the shadow manifold of 𝑟𝑋 . For the whole network, Equa-
tion (10) can be converted to the matrix form as 𝐂𝐭𝐿

𝑁𝑁
∈

ℝ𝑁×𝑁 , indicating the causality coefficient between each
pair of roads, which can be treated as a quantification of
causal relationships.
Furthermore, the necessary condition for causality

between two roads is that the causality coefficient val-
ues converge to a higher value with an increase in input
time-series length. As the length of time-series data goes
longer, the reconstructed shadow manifold will become
denser, resulting in more accurate recorded information.
Therefore, it is essential to evaluate the convergence of the
causality coefficient by incrementally increasing the input
length. Let 𝑛𝑡 denotes the number of chosen input lengths,
and the step size for increasing the input length can be set
as dividing 𝐿 by 𝑛𝑡, denoted as 𝐿|𝑛𝑡. Then the lth input
length can be [𝐿|𝑛𝑡]𝑙. It should be noted that the choice
of 𝑛𝑡 depends on specific needs, and a larger value will cre-
ate a smoother result. Consequently, the input time length
set can be defined as 𝐭𝐿|𝑛𝑡 = {𝐭(𝐿|𝑛𝑡)1 , … , 𝐭(𝐿|𝑛𝑡)𝑙 , … , 𝐭𝐿},
where 𝐭(𝐿|𝑛𝑡)𝑙 = {𝑡1, 𝑡2, … , 𝑡[𝐿|𝑛𝑡]𝑙 }. The causality coeffi-

cient matrix 𝐂
𝐭𝐿|𝑛𝑡
𝑁𝑁

= {𝐂
𝐭(𝐿|𝑛𝑡)1
𝑁𝑁

, … , 𝐂
𝐭(𝐿|𝑛𝑡)𝑙
𝑁𝑁

, … , 𝐂
𝐭𝐿
𝑁𝑁

} can be
calculated with this input time length set.
In conclusion, the T-CCM method, by analyzing traf-

fic time-series data from each road/sensor, enables the
reconstruction of speed shadowmanifolds and the compu-
tation of the causality coefficient matrix, revealing causal

relationships between road segments. Its versatility in
managing the complexities of urban traffic systems and
easy application in various settings, using basic time-
series data with minimal limitations, marks T-CCM as
an invaluable approach. Adjusting input lengths improves
insight into the underlying dynamics of traffic interactions
and patterns across various time scales, showcasing its
significant influence on urban traffic network analysis.

3 EXPERIMENTS AND ANALYSES

In this section, we begin by assessing the effectiveness of
the proposed T-CCM method using real-world network
traffic speed data with varying input time lengths. Subse-
quently, the evaluation of short-term traffic propagation
between upstream and downstream sensors during con-
gestion generation and dissipation periods is conducted by
examining spatial causality using the T-CCM approach.
Additionally, network analysis is established to investigate
the long-term traffic interactions within a causality frame-
work, using input lengths of approximately a month to
capture the comprehensive temporal and spatial effects
of traffic propagation. Toward the conclusion of this sec-
tion, we address the limitations of our work and discuss
potential avenues for future enhancements.

3.1 Test base and settings

The traffic speed data utilized in this study, derived
from the California Department of Urban Traffic
(Caltrans) Performance Measurement System (PeMS,
http://pems.dot.ca.gov), specifically focuses on the PeMS-
Bay data, a benchmark previously explored in the former
study (Y. Li et al., 2017). This dataset comprises traffic
speed data from 318 sensors over 5months (January 1, 2017,
to May 31, 2017), generating 52,117 data points with traffic
speeds recorded every 5 min. Despite its collection in
2017, the PeMS-Bay dataset continues to stand as a pivotal
benchmark in recent traffic research, particularly in the
traffic prediction domain. Figure 3 displays the location
of sensors for visualization purposes. Additionally, to
provide visual insights into the T-CCM algorithm’s out-
comes under different landscapes, we select two sub-areas
within the Bay area: the central region featuring a rotary
interchange (Sub-area 1) and the south corridor (Sub-area
2) as illustrated in the right side of Figure 3.
For data preparation in state space reconstruction,

specific preprocessing steps are executed. The z-score nor-
malization is applied to maintain magnitude consistency
across multivariate data. The embedding dimension 𝐸

and positive time lag 𝜏 are calculated using false nearest
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308 MAO et al.

F IGURE 3 Test base and two selected areas (Sub-areas 1 and 2).

neighbors and manual information method, discussed in
prior studies (Jiang & Adeli, 2003b; Vlahogianni et al.,
2008). We set the embedding dimension as 5, and the pos-
itive time lag as 3, considering computational efficiency.
The computational experiments were conducted on a
laptop equipped with an Intel(R) Core(TM) i7-8750H CPU
@ 2.20 GHz, featuring 6 cores and 16.0 GB of RAM, using
Python as the programming language. The CPU execution
time for the state-space reconstruction process was about
0.6 s.

3.2 Effectiveness validation

3.2.1 T-CCMmethod results on Sub-area 1

First, we focus on visualizing the results of the spatial
causality coefficient in Sub-area 1 (Figure 4), to validate
the effectiveness of the T-CCM method. Concretely, we
designate VDS 400001 as the target sensor (marked with
a yellow star in Figure 4a). For this analysis, the input
time length (𝐿) is defined as the entire duration of the
time-series data, totaling 52,117, and the number of input
lengths (𝑛𝑡) is selected as 50. Thus , 𝑌̂(𝑡)|𝑴𝑟𝑋

𝑠 denotes the
estimated shadowmanifold of road 𝑟𝑌 with different time-
length 𝑡. The causality coefficient matrix obtained with an
input time length set (𝒕𝐿|𝑛𝑡 ) is utilized for spatial causality
visualization in Figure 4b, wherein the lines symbolize the
causality influence scores stemming from the remaining
318 sensors to the designated target sensor.
Furthermore, the neighboring sensors of the target sen-

sor display a color gradation ranging from yellow to deep

F IGURE 4 Illustration of T-CCM results in Sub-area 1.
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MAO et al. 309

red, reflecting their corresponding convergent causality
coefficient values. These labeled sensors, listed in the
legends of Figure 4b and shown in Figure 4a, include
each sensor’s ID, which denotes the Euclidean distance in
Absolute Postmiles (AbP) provided by PeMS. The figure
demonstrates an approximately equal distance between
upstream and downstream areas. Notably, in Figure 4b,
the color of the labeled sensors gradually fades away from
the target sensor, illustrating that the spatial causality
diminishes with greater inter-sensor distances.
Specifically, Figure 4a clearly demonstrates the causal

links between the target sensor and its upstream and
downstreamcounterparts. In contrast, sensors in the oppo-
site direction or along orthogonal routes of the rotary
interchange exhibit no discernible causal relationships
with the target sensor. This finding, which aligns with
basic knowledge, suggests that, when the entire time series
is employed as input, spatial causality between sensors
follows a bidirectional pattern, which recedes in strength
along with the expanding distance.
The illustration presented here serves as an initial

glimpse into the potential of the T-CCM method for iden-
tifying spatial causality within urban traffic networks.
However, there exists a compelling need for a deeper inves-
tigation into the influence of input time length and sensor
positioning on spatial causality, as this exploration holds
the promise of amore comprehensive understanding of the
underlying dynamics inherent to the traffic network.

3.2.2 Suitable input time length
determination

Determining an appropriate input time length holds cru-
cial significance for the efficacy of the T-CCM method,
as a large input time length may create a dense shadow
manifold that containsmore information about the system
and thus obtain more accurate spatial causality evalua-
tion, while the longer input time length will increase the
computation cost.
To this end, we select 10 distinct integer input time

length values spanning evenly from 1000 to 46,000 (exclud-
ing the beginning and end of the time series) for VDS
400001 (target sensor 𝑟𝑋) and its immediate neighbor VDS
404753 (𝑟𝑌). Each input length value undergoes testing of
T-CCM method across 100 iterations, with a number of
input lengths (𝑛𝑡) chosen as 20. The outcomes, 𝑌̂(𝑡)|𝑴𝑟𝑋

𝑠 ,
depicting the causality coefficient score of 𝑟𝑌 on 𝑟𝑋 , are
illustrated in Figure 5. Here, the color gradient, ranging
from light to dark blue, depicts varying input length values;
for instance, the lightest shade of gray signifies a library
length of 1000, assigned to label 𝑌̂(𝑡)|𝑴𝑟𝑋

𝑠 − 1. Within
this representation in Figure 5, the lines represent the

median outcome derived from the iterative process, with
the enveloping shadows delineating the upper and lower
quartiles.
The trend underscores a robust causal relationship

between VDS 400001 and 404753, manifested in rapid
and convergent causality coefficient values surpassing 0.6.
While the iterative results manifest slight fluctuations at
around 0.06, they are nevertheless sufficient to support
decisive causality inferences. Furthermore, different input
lengths exhibit marginal impact on the outcomes, con-
verging to notably high scores around the length of 2000.
Remarkably, a significant revelation emerges—the input
length of 2000 corresponds approximately to 1 week of traf-
fic speed data. This realization highlights that the shadow
manifold effectively encapsulates dynamic traffic insights
from the road traffic system over this span.
Fortunately, the development of ITS has ushered in an

era of data abundance. Leveraging this wealth of data, the
T-CCM method is with heightened potential for furnish-
ing precise causality coefficient values. As demonstrated
in Figure 5, a suitable convergent input length of 7000
can be decided for the study area, ensuring a high level
of causality measurement accuracy while maintaining an
acceptable computation cost.
Shifting to a smaller granularity view, we present an

enlarged plot in the middle of Figure 5 to gain a finer
resolution within the input length range [0,800]. Notably,
we identify the inflection point of the line plot for the
smallest input length (𝑌̂(𝑡)|𝑴𝑟𝑋

𝑠 − 1) by a circle. These
inflection points span the range of 30 to 150, leading to
a rise in causality coefficient values from 0.47 to 0.55.
This observation underscores the T-CCM method’s apti-
tude in detecting spatial causality between two sensors,
even with the input as few as dozens of time-series points.
At the same time, this outcome verifies the method’s
practical utility, emphasizing its capacity to achieve con-
vergence with a modest dataset—a concurrence in line
with previous reports asserting that CCM-based methods
can ascertain causality with dozens of points (Sugihara
et al., 2012).
In conclusion, the present subsection illuminates crucial

considerations regarding the input time length within the
T-CCM framework for the detection of causality in urban
traffic dynamics. Our findings underscore the method’s
efficacy in capturing preliminary causal relationships even
with a relatively limited dataset when exploring traffic
propagation dynamics. Furthermore,we identify a suitable
input length of 7000 for discerning the long-term spa-
tial causality of the whole study area, achieving a balance
between the heightened precision afforded by abundant
data and the necessity for computational efficiency. These
insights furnish practical guidelines for the deployment
of the T-CCM method in real-world scenarios, such as

 14678667, 2025, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/m

ice.13334 by H
O

N
G

 K
O

N
G

 PO
L

Y
T

E
C

H
N

IC
 U

N
IV

E
R

SIT
Y

 H
U

 N
G

 H
O

M
, W

iley O
nline L

ibrary on [08/01/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



310 MAO et al.

F IGURE 5 T-CCM results for different library length scenarios.

short-term traffic propagation identification and the char-
acterization of spatial causality distribution across the
network.

3.3 Short-term causality impact:
Scenarios of traffic propagation during
congestion generation and dissipation in
neighbor sensors

Building on the insights gained from the preceding anal-
ysis of input time length and preliminary causality iden-
tification, this section directs its attention toward detailed
case studies that employ the T-CCMmethod to investigate
dominant sensors in short-term traffic congestion propa-
gation. Specifically, we focus on examining the causality
coefficient values between upstream and downstream sen-
sors, encompassing two distinct phases of congestion
generation and dissipation during rush hours. This empir-
ical exploration aims to provide a deeper understanding of
the method’s capabilities in capturing intrinsic causality
patterns within the dynamic context of urban traffic.

3.3.1 Analysis of causality effect strength in
Sub-area 1

Following Section 3.2, our investigation turns to Sub-area 1,
wherewe explore the spatial causality strength of upstream
and downstream sensors in relation to the target sensor

F IGURE 6 Space–time speed contour plot of Sub-area 1.

during both congestion generation and dissipation phases.
This exploration centers on seven sensors aligned in one
direction within Sub-area 1. Specifically, we select four
downstream sensors and two upstream sensors of the
target sensor, VDS 400001, to elucidate the dynamics of
congestion generation and dissipation occurring between
5:30 and 11:30 a.m. on a specific day (January 25). To visual-
ize this process, we present the time–space speed contour
plot in Figure 6.
In Figure 6, the y-axis signifies the direction of traffic

flow, progressing from the upstream sensor VDS402362
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MAO et al. 311

F IGURE 7 T-CCM results and corresponding speed contour plots regarding congestion generation and dissipation period in Sub-area 1.

to the downstream sensor VDS 400911. Notably, during
the morning peak hours (7:00–10:30 a.m.), represented by
solid lines, a clear pattern of speed reduction and recov-
ery emerges. Within this interval, three minor instances of
speed variation are also observed as indicated by dashed
lines. It is essential to note that the location of sen-
sors is based on relative positions derived from AbP data
displayed in Figure 4. Specifically, two distinct periods
are analyzed, including the congestion generation phase
(5:30–7:45 a.m.) and the congestion dissipation phase
(8:45–11:30 a.m.). Correspondingly, Figure 7 showcases
time–space speed contour plots and the T-CCM outcomes
for other sensors in relation to the target sensor during
these two periods.
In the context of the congestion generation phase,

Figure 7a uses different line styles to represent various sen-
sors. It is evident that all neighbor sensors exhibit causal

influences on the target sensor as reflected by conver-
gent causality coefficient values (greater than 0.75) with
increasing input time length from 7 to 15. Noteworthy is
the observation that the downstream sensor VDS 400863,
depicted by the dashed line, holds the most pronounced
causal influence on the target sensor. Conversely, the head
upstream sensor VDS 402362, indicated by the dash-dot
line, exerts the weakest influence. To offer a clear rep-
resentation of causal impact, Figure 7c arranges sensors’
causality coefficient values in descending order, under-
scored by labels within the time–space speed counter
plot. This sorting confirms that, during the congestion
generation phase, downstream sensors exert a stronger
influence, compared to upstream counterparts. In this
context, congestion originating from downstream sensors
induces a backward congestion wave, affecting upstream
sensors. Intriguingly, VDS 400863 holds the highest causal
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312 MAO et al.

influence on the target sensor, slightly surpassing the head
downstream sensor VDS 400911. This discrepancy can be
attributed to VDS 400863’s speed valley at around 20 km/h,
resulting in a bottleneck phenomenon that triggers this
congestion episode.
Transitioning to the congestion dissipation phase,

Figure 7b,d displays a different circumstance. The pri-
mary causal impacts on the target sensor now stem from
the leading upstream sensor VDS 402362, with the trail-
ing downstream sensor VDS 400911 occupying the lowest
rank. This discrepancy suggests that downstream causal
effects dominate during congestion generation, while
upstream effects gain prominence during congestion dissi-
pation. However, during the congestion dissipation period
in Sub-area 1, there are three instances of self-organized
generation-dissipation behavior as highlighted in Figure 6.
The speed contour plot reveals recurring congestion waves
over time, marked by dashed lines, and variations in traf-
fic states that are especially pronounced around themiddle
three sensors (VDS 404753, 400001, and 400965), which
are situated at the rotary interchange or at connections
between the highway and urban roads. While short-term
fluctuations at these critical points do impact traffic pat-
terns, they do not undermine the overall reliability of
our causality analysis over extended congestion periods.
Addressing this complexity, we turn our focus to Sub-
area 2, a more straightforward and intuitive research area
concentrating on a section of a highway corridor.
Mover, a comparative analysis was conducted between

our method and established approaches, namely, spatial
dependency correlation measurement and the Granger
causality method. For spatial dependency correlation, the
identical calculation process was utilized, and results were
normalized to the range [0,1]. Regarding the Granger
causality method, lag order selection was based on the
Akaike Information Criterion, with the F-test applied to
determine causal strength. For both methods, a 5% signif-
icance level (p < .05) was established as the benchmark
for determining significance, while correlation values and
F-statistics were used to quantify the strength of the rela-
tionships. The results of these two methods for Sub-area 1
are listed in Table 2.
Quantification results from both comparison methods

are presented in Table 2, with the strongest relationships
to the target sensor 400001 highlighted in bold. Spatial cor-
relationmeasurement tends to identify the nearest sensors
as having strong correlations (strong similarity), whereas
the Granger causality method is even less effective. Dur-
ing the congestion generation period, Granger causality
test results indicate that 402364 (not the actual speed val-
ley 400863 shown in Figure 7) exhibits the strongest causal
connection to the target sensor, with the head upstream
sensor 402362 ranking second. In the congestion dissipa-

TABLE 2 Comparison results in Sub-area 1.

Congestion generation Congestion dissipation
Sensor
ID

Spatial
correlation

Granger
causality

Spatial
correlation

Granger
causality

400911 – – – –
400863 – – – –
402364 0.459 12.768 0.834 –
404753 0.863 5.323 0.902 –
400965 0.726 – – –
402362 – 7.880 – –

tion period, the Granger causality test finds no causal links
between the target sensor and its upstream/downstream
sensors. Clearly, system uncertainty and sensor interde-
pendency cause these methods to misidentify causality.

3.3.2 Analysis of causality effect strength in
Sub-area 2

The focus of this part shifts to Sub-area 2, situated in the
southern region of the PeMS-Bay area. Sub-area 2 is a corri-
dor channel that directs traffic flow from south to north as
illustrated in Figure 8. Sub-area 2 comprises eight sensors,
including the target sensor VDS 400178, along with three
upstream and four downstream sensors. The chosen anal-
ysis period, encompassing both congestion generation and
dissipation, spans from 5:00 to 11:00 a.m. on April 3. The
speed contour plot depicted on the right side of Figure 8
presents a consistent pattern of speed drop and subsequent
increase from the head downstream sensor VDS 400654 to
the head upstream sensor VDS 401129.
Analogous to Section 3.3.1, we analyze the causal

impacts of upstream and downstream sensors on the target
sensor during both congestion generation and dissipation
phases. For the congestion generation period, Figure 9a,c
depicts T-CCM results and corresponding speed contour
plots, complemented by causal strength rankings within
Sub-area 2. Figure 9a highlights the most influential sen-
sor, VDS 400418 (dashed line), which emerges as the
dominant influencer with a causality coefficient value of
around 0.8. Conversely, the upstream sensor VDS 404451
(loosely dotted line) exerts a least pronounced influence
as indicated by its causality coefficient value below 0.
Moreover, Figure 9c underscores that all four downstream
sensors wield a more substantial impact on the target sen-
sor, boasting causality coefficient values exceeding 0.75. As
for the congestion dissipation phase, Figure 9b,d presents
a shift in the spatial causality impact. In this scenario, the
three upstream sensors (VDS 401129, 401957, and 404451)
now lead to exerting causal effects on the target sensor,
each possessing a causality coefficient value around or
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F IGURE 8 Sensor location information and space-time speed contour plot of Sub-area 2.

exceeding 0.6. This outcome aligns with the inference
drawn in Section 3.3.1.
To distill our findings, we discern that, from a causal-

ity perspective derived from traffic speed data, congestion
generation predominantly entails a downstream change in
velocity, culminating in a more substantial causal linkage
with the target sensor. Conversely, congestion dissipation
initiates with an upstream speed raise, thereby accentuat-
ing the causal impact of upstream sensors on the target.
This alignment with established traffic flow theory, partic-
ularly kinematic wave theory, underscores the interaction
between nearby sensors through kinematic waves (Coclite
et al., 2005; Jin, 2012; Jin et al., 2015; Kim & Cassidy, 2012).
Delving deeper, an examination of sensorswith themost

robust causal effect strength on the target sensor in each
period discloses notable insights. During the congestion
generation period, VDS 400418 commands the highest
causal effect strength, marginally surpassing its down-
stream sensor VDS 400654. This discrepancy arises due to
the presence of an off-ramp near VDS 400418 as can be
seen in the road illustration of Figure 9c. This off-rampmay
cause lane changes and ramp queues, contributing to VDS
400418’s heightened and more direct influence on the tar-
get sensor, although the congestion originates from VDS
400654.
Transitioning to the congestion dissipation phase, com-

pared with the other two upstream sensors of the target
sensor, the most influential sensor, VDS 404451, exhibits
a higher causality coefficient value of approximately 0.75
(loosely dotted line in Figure 9b). This variation can be
attributed to the off-ramp positioned near VDS 404451. The
smoother andmore consistent traffic flow between the two
upstream sensors (VDS 401129, 401957) is perturbed by the

TABLE 3 Comparison results in Sub-area 2.

Congestion generation Congestion dissipation
Sensor
ID

Spatial
correlation

Granger
causality

Spatial
correlation

Granger
causality

400654 – – 0.524 3.802
400418 – – 0.657 –
401597 – – 0.669 4.526
401567 0.851 – 0.98 –
404451 0.348 – 0.362 –
401957 – – – –
401129 – – – –

off-ramp near VDS 404451, inducing a distinctive flow con-
figuration. Thus, during the congestion dissipation period,
VDS 404451 assumes themantle of spatial causality impact
on the target sensor.
The spatial correlation and Granger causality test are

also tested in Sub-area 2, shown in Table 3. In the less
complex scenario of Sub-area 2, spatial correlation contin-
ues to identify only the nearest sensor linkages and further
selects downstream sensorswith patterns similar to the tar-
get sensor 400178 during congestion dissipation. Granger
causality still shows its weakness in non-independent
systems, failing to identify any sensor with a causal rela-
tionship to the target during the congestion generation
period. Additionally, we evaluate these methods in a more
deterministic network scenario detailed in Appendix A,
featuring a network systemwithwell-defined traffic inputs
and vehicle routes.
Moreover, a comprehensive understanding of sensor

interactions along the corridor in Sub-area 2 prompts fur-
ther analysis of inter-causal effects between every sensor

 14678667, 2025, 3, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/m

ice.13334 by H
O

N
G

 K
O

N
G

 PO
L

Y
T

E
C

H
N

IC
 U

N
IV

E
R

SIT
Y

 H
U

 N
G

 H
O

M
, W

iley O
nline L

ibrary on [08/01/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



314 MAO et al.

F IGURE 9 T-CCM results and corresponding speed contour plots regarding congestion generation and dissipation period in Sub-area 2.

pair during both congestion generation and dissipation
periods as depicted in the heatmap of Figure 10. In this
heatmap, each row signifies the influencer, each column
represents the affected sensor, and the shade of each square
denotes the strength of causality influence. For instance,
Row 3 and Column 5 correspond to the causality effects
from VDS 401597 to VDS 400178, ranking fourth in the
influence values from VDS 401597 to others.
In Figure 10a,b, the solid ellipse and line boxes delineate

the dominant sensor and sensor clusters during conges-
tion generation and dissipation periods, respectively. It
is noteworthy that VDS 400418 and 404451 continue to
hold sway over causality impacts on other sensors dur-
ing congestion generation and dissipation phases. In this

case, these two sensors, located near off-ramps, assume
the role of diverge bottlenecks (D. Chen & Ahn, 2018)
that frequently emerge in recurrent congestion scenar-
ios (Spiliopoulou et al., 2014) and may even deteriorate
traffic flow more than on-ramp bottleneck (Munoz &
Daganzo, 2002). Furthermore, a clustering phenomenon
surfaces among inter-causal effects. Notably, during the
congestion generation period (Figure 10a), the group of
sensors, marked in the solid box, has stronger causality
impacts within each other than the other group that is
marked in the dashed box. This pattern reverses during the
congestion dissipation period as illustrated in Figure 10b.
In light of the aforementioned analysis, it becomes evi-

dent that traffic flow merging and diverging, along with
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F IGURE 10 Inter-causal effects between every two sensors.

their spatial distribution, give rise to intricate scenarios
in traffic flow analysis. This underscores the limitations
of conventional traffic flow analysis in handling complex
real-world traffic conditions. Nevertheless, drawing from
the analyses of Sub-areas 1 and 2, spatial causality analy-
sis effectively captures the influence of traffic merging and
diverging on upstream and downstream sensors.

3.4 Long-term causality impact: T-CCM
results across the entire network

This section will discuss the long-term spatial causality
impact by applying the T-CCM method to the entirety of
the PeMS-Bay dataset, encompassing 318 sensors. While
earlier sections concentrated on the short-term causal
impact among nearby sensors, this section necessitates a
discussion of the extensive causal influence throughout
the network. Specifically, as the fundamental causal con-
nections between nearby sensors were expounded upon
in Section 3.3, a secondary layer of causality, generated by
long-term traffic propagation and intertwined with factors
such as vehicle travel preferences, land usage, and POIs,

may also come into play. This intricate scenario will be
elucidated in the following.

3.4.1 Parameter configurations

For the whole network spatial causality analysis, we estab-
lish the input time length 𝐿 at 7000 (approximately a
month), based on prior analyses and given the focus on
investigating long-term causal impacts between sensors.
The step size 𝑛𝑡 is set to 1, as a high causality coefficient
value with an input time length of 7000 can ensure the
existence of causal effects between pairs of sensors to some
degree. Consequently, the causality coefficient calculation
will be computed once for each sensor pair, resulting in a
causality matrix 𝐂𝐭𝐿𝑛𝑛 derived from an input time length of
7000.
Furthermore, we incorporate a threshold of 0.2 for

causality values to filter out inconsequential disturbances
in 𝐂

𝐭𝐿
𝑛𝑛. The refined causality matrix 𝐂

𝐭𝐿
𝑛𝑛|0.2 is then

employed to construct a weighted directed graph denoted
as 𝐺 = (𝐕,𝐄,𝐖), where 𝐕,𝐄,𝐖 are the sensor set,
causality interaction link set, and the link strength (causal-
ity coefficient value) set, respectively. Assuming two sen-
sors, 𝑟𝑥 and 𝑟𝑦 , exhibit a causal relationship from 𝑟𝑥 to
𝑟𝑦 . The causality coefficient value can be interpreted as
the link strength from 𝑟𝑥 to 𝑟𝑦 . Moreover, the weighted
direct graph derived from the refined causality matrix
𝐂
𝐭𝐿
𝑛𝑛|0.2 empowers us to gauge the influence of each sensor

through its out-degree, reflecting its capability to influence
others, and its in-degree, illuminating its susceptibility to
causal impact from other sensors. This weighted direct
graph offers an intuitive visualization of the intricate inter-
play among network sensors in terms of spatial causality
relationships.

3.4.2 Spatial distribution of causality
coefficient values in the network

Illustrated in Figure 11, the spatial distribution outcomes
unveil a comprehensive view of the network causal inter-
connections. Each node within the graph corresponds to
a sensor, and the color spectrum, transitioning from blue
to red, signifies the ascending node degree, with larger
nodes indicating higher degrees. The links between nodes
are equally elucidated: Stronger causality interactions are
depicted by broader and deeper blue lines.
Specifically, Figure 11a,b displays the spatial distribu-

tion of in-degree and out-degree, respectively. Noteworthy
sensors with substantial in-degree or out-degree are delin-
eated by boxes, and a discernible divergence in the spatial
distribution patterns of in-degree and out-degree is evi-
dent. For the two black boxes, black box 1, with high
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F IGURE 11 Spatial distribution of causality values.

in-degree and relatively lower out-degree, contrasts with
the scenario in black box 2. Given the multitude of sensors
exercising causality effects from other sensors (Figure 11a),
it is reasonable to infer it as the principal egress of the
PeMS-Bay network—pointing to it as the key outlet for
departing vehicles. Similarly, black box 2, distinguished
by the highest out-degree in Figure 11b, serves as the
prominent entry point into the PeMS-Bay network.
Regarding red box areas, they also exhibit notable in-

degree and out-degree values. For instance, the vicinity of
red box 3, located at the junction of three major arteri-
als, yields high in-degree and out-degree values. Red box 4
contains a composite site comprising a park, zoo, and com-
mercial center. As for the red box 5 area, there are some
residential places and a big mobile home park. The POIs
and land use of these three areas permit traffic to converge
and diverge, consequently leading to high in-degree and
out-degree values.
Furthermore, Figure 11c,d depicts the Fruterman–

Reingold (F-R) layout (Fruchterman&Reingold, 1991) and
the cumulative degree values (in-degree plus out-degree),
respectively. The F-R layout can minimize the energy of
the graph system and illustrate a compact spatial layout

without changing the topology structure (Yang et al., 2019).
Figure 11c clearly outlines that most sensors have low
degree values, while high-degree sensors cluster and form
distinct groupings. It is not surprising that aggregation and
clustering occur, as spatial causation stemming from traf-
fic speed is a kind of reflection of urban traffic propagation.
Urban road traffic fundamentally entails the propagation
of traffic along roadways, and the inherent interdepen-
dency of roads is clearly reflected through the F-R layout’s
preservation of the topology structure. These road clus-
ters can be regarded as the principal contributing roads
that approximately characterize the dynamic system of the
PeMS-Bay area.
In Figure 11d, the degree plot is consistentwith in-degree

and out-degree plots. Concerning links in the graph, wide-
width and deep-color links manifest between adjacent
sensors, with the exception of a limited number of dis-
tinctive cases from distant sensors. These specific cases are
exemplified in twomagnified sample regions of Figure 11d,
where each pair of sensors with strong causality inter-
actions is marked by a black circle. These sensor pairs
correspond to two important adjacent junctions along the
main highway. Therefore, strong causality interactions can
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F IGURE 1 2 Histogram of matrix differences with Probability
Density Function (PDF) curve.

be observed, which can be attributed to consistent route
preferences of the drivers.
In addition to the initial 1-month analysis, an extended

study is conducted over a 3-month period to further val-
idate the robustness of our causality assessment across
longer time frames. This comprehensive analysis involved
recalculating the causalitymatrix using the extendedPeMS
dataset. The histogram distribution of matrix differences,
depicted in Figure 12, demonstrates that the majority of
differences are narrowly centered around zero, indicating
minimal variation and confirming the robustness of our
method over varying time frames. This finding substanti-
ates the stability of our causality assessments, reinforcing
that a 1-month horizon is sufficiently representative for
analyzing urban traffic dynamics in the chosen study area,
as discussed in Section 3.2.2.
Beyond short-term causal relationships evident in

shorter timeframes, this analysis uncovers a deeper layer of
spatial causality with longer time periods and influenced
by travelers (travel behavior), the spatial distribution of
urban functions (land use), and the attractiveness of spe-
cific locations (POIs). Long-term causality relationships
established across extended temporal horizons encapsu-
late the enduring effects of these factors on urban traf-
fic dynamics. Understanding these long-term influences
enhances the comprehension of the underlying dynam-
ics in urban traffic networks, enabling urban planners and
policymakers tomakewell-informed decisions for the opti-
mization of transportation systems and the enhancement
of overall urban mobility.

3.5 Discussions and limitations

The uncertainty and interdependency intrinsic to dynamic
urban traffic systems pose challenges to the comprehen-

sive analysis of traffic flow dynamics. In traffic systems,
uncertainty emerges as a foundational characteristic due
to the inherently complex and dynamic nature of urban
traffic. The interdependency of roads intensifies the com-
plexities, making the information from influential sensors
inseparable from the target sensor during traffic prop-
agation. This underscores the limitations inherent in
conventional analytical approaches and Granger causality
frameworks, whichmay struggle inmeasuring uncertainty
and may neglect interdependencies among sensors.
In this context, simulations, while valuable for theoreti-

cal analysis and controlled environment testing,may fail to
capture the multi-dimensional interactions of actual, real-
sized urban networks and may oversimplify or constrain
inherent complexities. Ourmethod leverages limited time-
series data from these complex systems to reconstruct
large-scale traffic dynamics effectively. This approach
ensures that our methodology is immediately applicable
and validated for practical use in existing urban infrastruc-
tures, offering a direct application advantage without the
need for constructing simulation environments or making
extensive adjustments.
Furthermore, this uncertainty and interdependency

often result in information propagating bidirectionally
through time (Ye, Deyle, et al., 2015), analogous to
the dynamical interaction between upstream and down-
stream sensors in traffic systems. This complexity is
further compounded in congestion scenarios, where a traf-
fic bottleneck can trigger various effects, as detailed in
previous work (Kim & Cassidy, 2012). The proposed T-
CCM method offers a promising solution to tackle these
challenges. With the help of state-space reconstruction,
T-CCM approaches the mining of interaction strengths
between sensors, particularly causality influence, from a
distinct perspective. The analyses of short-term and long-
term causality impacts clearly demonstrate the method’s
efficacy in solving the intricacies caused by uncertainty
and interdependency, thereby advancing the capacity to
comprehend and navigate the complexities inherent in
dynamic urban traffic systems.
However, as the T-CCM method relies exclusively on

time-series data, the length and nature of the input
time series significantly influence its outcomes. Ana-
lyzing different time lengths reveals varied scenarios:
micro situations involve congestion propagation through
nearby sensors and are represented by short-term causal-
ity impacts, whereas macro situations reflect long-term
causality impacts and relate to travel choices over extended
periods. Additionally, the potential for spurious depen-
dencies due to coincidental similarities in time-series data
poses a challenge. To address these, the T-CCM method
can be enhanced by incorporating additional system prop-
erties such as network topology and the frequency of
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time-series data. Integrating these properties aims to refine
the exploration of spatial causality and better align the
detection of causal relationships with the physical and
operational realities of urban traffic networks.

4 CONCLUSION

This paper designs a spatial causality detection frame-
work, termed T-CCM, tailored to reveal the spatial causal
relationships among road segments within a given road
network, while considering the dynamic propagation of
traffic. Leveraging the principles of state-space reconstruc-
tion, T-CCM employs network traffic time-series data as
input to quantify the degree to which the state space of a
target road, as formed by its time-series data, can be effec-
tively used to reconstruct those of other roads. This quan-
tification can measure the causality impacts originating
from these other roads and directed toward the target road.
Notably, T-CCM operates exclusively with traffic time-
series data as input and is capable of identifying spatial
causal relationships under the constraints of uncertainty
and interdependency inherent to dynamic traffic systems.
The application of our method empowers transporta-

tion policymakers and management staff with a tool
to develop advanced congestion mitigation strategies,
even with access to only basic traffic time-series data.
This is particularly valuable for roads exhibiting high
causality coefficient values, which indicate intense and
frequent interactions with other segments. Through exper-
iments conducted on real-world PeMS data, we have
demonstrated the method’s ability to identify bidirectional
causal effects during congestion generation and dissipa-
tion within short-term periods. Moreover, our method can
reproduce the dominant causal impacts of off-ramps in the
diverging traffic. Importantly, when considering long-term
time periods, T-CCM uncovers a deeper layer of spatial
causality relating to travel behavior and road land use
attributes by accounting for a broader impact range.
In short-term applications, this method is useful in real-

time traffic management by enabling quick responses to
accidents or congestion by identifying origins, impacted
areas, and bottlenecks (C. Li et al., 2020). Important
roads or bottlenecks can be identified according to sen-
sors/roads exhibiting high causality coefficient values,
which indicates their significant impact on congestion. See
Appendix B for further discussions.
In general, understanding the relationship between

roads has significant implications for short-term traffic
management, particularly in short-term traffic prediction,
which has been a focal point of research in recent years.
Studies by L. Li et al. (2015) and Mao et al. (2022) demon-
strate that analyzing inter-road relationships enhances

prediction models by selecting appropriate inputs and
excluding irrelevant data, thereby reducing system com-
plexity and improving accuracy. This approach supports
real-time traffic management by enabling swift responses
to accidents or congestion. Additionally, within the con-
nected automated vehicles framework, this method can
identify key vehicles for information exchange, ensuring
robust and effective decision-making processes (Shi et al.,
2022).
Long-term applications benefit from quantifying the

long-term causal relationships, offering valuable insights
into the current urban land-use distribution and regional
traveler behaviors. The planning community can identify
potential congestion areas (Wu et al., 2020) and important
roads in terms of network vulnerability (Gu et al., 2023).
Furthermore, this information can inform transportation
infrastructure investments, prioritizing areas for network
modification and public transit improvements.
Future research will focus on applying the T-CCM

algorithm to image and video traffic data, leveraging con-
volutional neural networks to convert visual data from
each timestamp into a time-series format. Additionally,
extending the current framework to include anomaly
detection (Adeli & Karim, 2005; Karim & Adeli, 2003) is
a considered application. Developing an efficient method
for parameter calibration in state-space reconstruction is
essential, particularly for diverse operational conditions
like work zones (Adeli & Ghosh-Dastidar, 2004; Y. Chen,
Yang, et al., 2022; Hooshdar & Adeli, 2004; Jiang & Adeli,
2003a). Further, given the appropriate time-series data, T-
CCM can be adapted to analyze queue dynamics, offering
insights into the evolution of system delays and queue
length fluctuations over time.
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APPENDIX A
A simulation-based experiment using SUMO (i.e., sim-
ulation of urban mobility), an open-source microscopic
traffic simulation package, evaluates the performance of
three methods within a more deterministic network sys-
tem featuring known traffic inputs and vehicle routes. This
network comprises eight nodes that are connected by one
lane road as depicted in Figure A1. Inflow enters the net-
work at Node 1, with the volume set to a high value (Q) to
trigger congestion. Vehicle routes and their respective vol-
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F IGURE A1 Illustration of simulation experiment.

TABLE A1 Comparison results in simulation scenario.

Method
Affected
road A B C D

Spatial correlation A – 0.724 0.415 0.628
B 0.724 – 0.540 0.495
C 0.415 0.540 – 0.245
D 0.628 0.495 0.245 –

Granger causality A – – 4.711 16.497
B – – 16.717 8.778
C 12.068 3.935 – 7.744
D – – 5.490 –

T-CCM A – 0.484 0.104 0.471
B 0.532 – 0.413 0.323
C 0.137 0.332 – –
D 0.619 0.366 – –

Abbreviation: T-CCM, traffic-convergent-cross-mapping.

umes are fixed as illustrated in Figure A1a. Furthermore,
vehicles yield to oncoming traffic when turning left, mak-
ing Nodes 6 and 8 bottlenecks. Hence, road sections A, B,
C, and D (outlined with a dotted frame) are selected as the
study area.
As in Section 3.3, spatial correlation, Granger causality,

and the T-CCM method are evaluated in this simulation
scenario. A minor variation is that the occupancy of road

sections A, B, C, and D serves as the time-series input as
illustrated in Figure A1b. Embedding dimension and time
delay are both set to 3. Experimental results are presented
in Table A1.
From Table A1, a drawback of spatial correlation is

that the detected correlation is symmetrical, and it also
incorrectly identifies a dependency between C and D. For
Granger causality, its performance is better than the tests
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F IGURE A2 Illustration of causality correlation strength in SZ. SZ, Shenzhen.

on actual networks in Section 3.3, yet it still has omissions
(no causal relationship between A and B, A and D) and
errors (a causal relationship exists between C and D). In
comparison, the T-CCMmethod can accurately determine
causal relationships between road sections.

APPENDIX B
This appendix utilizes 2 months of real-world traffic speed
data (March and April 2018) from major roads across
approximately 200 km2 in Shenzhen (abbreviated as “SZ”),
aiming to identify key influencers within the urban traf-
fic network and illustrate the potential practical value of
causality analysis in traffic management.
Similar to Section 3.4, the causality relationships

between roads are quantified as degree values, indicat-
ing each road’s influence on others. These values are
represented on a color spectrum ranging from blue (low

influence) to red (high influence). The analysis results,
depicted in Figure A2, highlight roads with high causality
correlation strength primarily located in the community
center and along major transportation arterials. These
roads are marked with black circles for easy identification.
Roads identified with high causality influence are crit-

ical for strategic interventions. By understanding how
traffic conditions on one road influence another, traffic
management can proactively adjust route guidance and
signal timings to alleviate potential bottlenecks. To give a
simple example, if roads in area C in Figure A2 signifi-
cantly affect traffic flow on others, adjustments in signal
timings in area C during peak traffic can preemptively
reduce congestion. Such targeted actions enhance traf-
fic efficiency and urban network resilience by proactively
managing potential congestion points.
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