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Abstract

Traffic congestion in large urban networks may take different shapes and propagates non-
uniformly variations from day to day. Given the fact that congestion on a road segment is
spatially correlated to adjacent roads and propagates spatiotemporally with finite speed, it is
essential to describe the main pockets of congestion in a city with a small number of clus-
ters. For example, the perimeter control with macroscopic fundamental diagrams is one of
the effective traffic management tools. Perimeter control adjusts the inflow to pre-specified
regions of a city through signal timing on the border of a region in order to optimize the traffic
condition within the region. The precision of macroscopic fundamental diagrams depends
on the homogeneity of traffic condition on road segments of the region. Hence, previous
studies have defined the boundaries of the region under perimeter control subjected to the
regional homogeneity. In this study, a cost-effective method is proposed for the mentioned
problem that simultaneously considers homogeneity, contiguity and compactness of clus-
ters and has a shorter computational time. Since it is necessary to control the cost and com-
plexity of perimeter control in terms of the number of traffic signals, sparse parts of the
network could be potential candidates for boundaries. Therefore, a community detection
method (Infomap) is initially adopted and then those clusters are improved by refining the
communities in relation to roads with the highest heterogeneity. The proposed method is
applied to Shenzhen, China and San Francisco, USA and the outcomes are compared to
previous studies. The results of comparison reveal that the proposed method is as effective
as the best previous methods in detecting homogenous communities, but it outperforms
them in contiguity. It is worth noting that this is the first method that guarantees the connect-
edness of clusters, which is a prerequisite of perimeter control.

Introduction

Since over a decade ago, Network or Macroscopic Fundamental Diagram (MFD) is recognized
as a promising tool for monitoring vehicular traffic conditions and implementing control
strategies with the goal of analyzing and alleviating congestion problems at network scale. An
MED relates the link-averaged traffic flow of a certain region of a city to its link-averaged traf-
fic density. Parameters of an MFD include free flow speed, critical density, capacity and queue
discharge rate which all pertain to a specific urban region. It has been shown that MFDs are
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concave and not highly sensitive to demand pattern [1]. Therefore, setting traffic density at an
optimum value (i.e. critical density) would set the flow at its maximum which implies highest
utilization of the capacity provided by the network. This control process is called perimeter
control. Traffic density within a region may be controlled by either signal time setting or cor-
don pricing. In signal time setting, the amount of green time allocated to the lights on the bor-
ders of region under attention is et such that the value of inflow and outflow yield the desired
value of vehicle accumulation within the region. In cordon pricing, number of vehicles enter-
ing the region is controlled via tolls drivers have to pay to be permitted to enter the region.
These methods have been extensively explained in several studies [2-5].

Accurate estimation of MFD parameters is essential for efficient implementation of perime-
ter control. This estimation is carried out by fitting a predetermined function to average flow
and density values; hence, it is evident that shape and amount of dispersion of MFD affect the
accuracy of the estimation. The precision of macroscopic fundamental diagrams depends on
the homogeneity of traffic condition on road segments of the region [6-8]. Accordingly, vari-
ous studies have tried to detect sub-regions which yield best possible MFDs in terms of disper-
sion. Geroliminis and Sun investigated the variance of road density as a heterogeneity metric
and obtained a well-defined MFD [9]. Ambiihl et al. measured heterogeneity by proposing a
functional form of MFD based on smooth approximation of uMFD (the analytical upper
bound of macroscopic fundamental diagram). The smoothing parameter of a functional form
reveals the degree of heterogeneity as a distance between MFD and its upper bound [10].
Besides their study, a novel technique called re-sampling method has been proposed, which is
used when the shape of MFD is severely affected by heterogeneity due to insufficient input
data [11]. Ji and Geroliminis [12]; Saeedmanesh and Geroliminis [13] have also addressed the
network partitioning problem in order to reduce heterogeneity.

Ji and Geroliminis developed a method for partitioning URN’s consisting three consecu-
tive algorithms. To do so, they first provided an over-segmenting of the network by a Nor-
malized cut algorithm. Secondly, a merging algorithm was developed based on initial
segmenting to obtain a rough partitioning of the network. Finally, a boundary adjustment
algorithm was designed to further improve the quality of partitioning by decreasing the var-
iance of road density while maintaining the spatial compactness of clusters. They showed
that their method had outperformed k-means clustering in a real URN case study [12]. In
addition, Saeedmanesh and Geroliminis proposed a method for partitioning a URN into
homogenous connected sub-regions based on traffic density in road segments. They first
identified connected homogeneous areas around each road of the URN. Each sequence of
roads, i.e. ‘snake’, was built by starting from a road and iteratively adding an adjacent road
based on its resemblance to previously added roads in the sequence. Afterwards, based on
the sequences obtained from the first step, a similarity measure was defined between each
pair of the links in the network. The similarities were intended to put more weight on neigh-
boring links and facilitate the connectivity of clusters. In the end, they utilized a symmetric
non-negative matrix factorization framework to assign links to proper clusters with high
intra-similarity and low inter-similarity [9]. Later, Saeedmanesh and Geroliminis developed
the method to a dynamic case in order to incorporate delay propagation throughout the
URN. Both attempts were successful in defining homogenous compact clusters for a real
URN i.e. Shenzhen, China [13].

Clusters

Communities (also known as clusters) of a network are subsets of nodes densely connected to
each other and sparsely connected to other nodes of the network [14]. In the field of urban
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transportation networks, community detection has been employed for structural analysis [15],
resilience and vulnerability analysis [16], perimeter control or route guidance [2, 17, and net-
work design 18]. Besides, traffic congestion in urban road networks is still seen as a major
problem imposing damaging effects on travel time, fuel consumption, safety and the environ-
ment. In general terms, spatial clustering is a well-studied problem in diverse fields of quanti-
tative sciences. Depending on the nature of the problem and type of data, e.g. climate zoning
[19], regionalization [20], geography [21], etc., different approaches including density-based
[22], distance-based [23], and hierarchical clustering [24] have been proposed in the literature.

This paper primarily aims to find the sub-regions of urban road networks satisfying the fol-
lowing five criteria: (a) internal homogeneity in terms of traffic density, (b) external heteroge-
neity with other sub-regions, (c) sparse connection to their neighbor sub-regions, (d)
connectedness (i.e. the trip length between any pair of nodes in a sub-region is a finite num-
ber), and (e) computational efficiency of the method, in which the shorter running time would
offer an advantage in adaptation of the perimeter control boundary to the real-time traffic situ-
ation. This is regarded a challenging task, notwithstanding the heterogeneity caused by the
classification of road segments and the spatial distribution of origins and destinations in the
spatial distribution of congestion. To achieve these goals, the clusters detected by a well-estab-
lished community detection method based on density discrepancy were modified. Thereafter,
the method was applied to two previously studied URNs and the results were compared to
those of existing methods with an emphasis on the advantages of our method. It is worth men-
tioning that criteria (c) and (d) have not been taken into account in previous studies.

Methods

The importance of satisfying the above-mentioned criteria led us to propose an algorithm
based on a community detection technique as described below. Algorithm 1 indicates the
pseudocode of our proposed algorithm has three major steps (A, B and C): providing a
weighted graph, implementing the community detection method (Infomap) and modifying
detected communities to ensure minimum possible heterogeneity. Such steps are iterative
because the community detection method (as explained in the following subsection) is unsu-
pervised and when it was initially applied, numerous communities of various sizes were
achieved. Therefore, coarse graining of the communities was continued and the algorithm was
re-run until the desired number of communities was reached. It is worth noting that in this
paper, the terms community and cluster are used interchangeably. We used Infomap because
we found it suitable and also superior to other methods for our network. We found its suitabil-
ity based on our five criteria mentioned in previous section. Due to its algorithm for formation
of clusters (which we explain hereafter) Infomap guarantees the connectedness of the clusters.
We added some steps assure the sparseness of the borders and enhance the homogeneity of
each cluster. Superiority of Infomap with regard to other well-known clustering methods

applicable to urban road networks is already established in [16] and [25].
Algorithm 1. Pseudocode of the proposed algorithm.
Algorithm
Input:
Graph D, = (V, E) where V is a set of nodes and E is a set of links in
the dual representation of the URN
C «— V (Assuming each node as a cluster prior to the 1°% iteration) v e
\%
Z =1
While size(C) > 1 do:
A. Setting the weight of links in graph D,
For each 1 € C do:
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S «— Set of nodes neighboring i
For j € S do:
wye = [k — k7
B. Applying Infomap to the weighted graph D,
Crnfomap = {Ci1sr C2y ..., Cm} Cm C V (Set of clusters identified by
Infomap)
If z >1 then:
C. Modifying clusters to reduce the variance
Chodified clusters: @ (Make the set empty for the modified clusters)
For cp € Crhpromap dO:
R = {v|v € ¢} (Set of nodes that belong to the cluster c,
(labelled cp))
N = n(R) (The number of elements in the set R)
MV =0
While N > 1 do:
R, = {r CRn(r) = N} (Generate all subsets of size N from the set

For r € R do:
If the subgraph of nodes r is connected then:
¢, ={vlver} (Assign label ¢, to nodes r (as a subset of clus-
ter cn)) ¢, Cec,
N, =n(c,) (The number of elements in set c,)

MV, =N, [var(c,) — var(c,))’
If MV, > MV then:

Rpest = T
MV =MV,
N =N-1

Cnm = {VIV € Rpese} (Assign label ¢, to nodes Rpest)
Add ¢n tO Choairied clusters
for v € (R — Rpest) do:
Assigning a new label to node v (Assume node v as a separate
cluster)
Adding v with its new label to Cuogified clusters

C cmodified clusters
Else:

C « Crnromap
Updating graph D, based on set C (the nodes with same label are
merged together)
Z =27 +1

As depicted in Algorithm 1, prior to algorithm initiation, the URN was transformed into a
graph using a dual approach (D,) in which each road segment was a node and intersections
were links [26]. Moreover, an agglomerative approach was adopted in which each node was
initially assumed to be a separate community and then for every iteration z, similar nodes were
agglomerated into the same communities. Fig 1 depicts the procedure of agglomeration in a
graph whose nodes were agglomerated by those three steps. However, as shown in this figure,
each white node is considered as a different community and nodes collected into a similar
community are represented by the same color.

In the first step, a graph was made by the dual approach (1*' iteration) or obtained from a
previous iteration. Also, it was found that its nodes were either road segments (1% iteration) or
clusters, each consisting some road segments. Therefore, in order to incorporate the density
discrepancy of neighbor nodes in the community detection method in the next step, the
weights of links were set as follows:

whe = [k — k] (1)
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Step B Step C

g

Fig 1. The agglomeration process in three steps.

https://doi.org/10.1371/journal.pone.0260201.g001

Where w;?z is the weight of the link connecting node i to j in graph D,. k¢ denotes the mean
road density within the cluster (node) i. Accordingly, in the first iteration, each road was
assumed to be a separate cluster. Finally,  is a tuning parameter reflecting the importance of
density discrepancy in setting the communities.

By definition, the community detection methods consider the intensity of connectivity of
nodes in discovering communities. However, in weighted graphs, the weight of links is also
considered so that a pair of nodes connected through a higher weight link are assumed to be
“more connected” than a pair connected by a lower weight link. Thus, in this case, we lead the
community detection method into setting road segments of similar density values in the same
clusters.

Community detection method

At this stage, the weighted graph D, is developed to apply the community detection method
(Step B). For this purpose, the Infomap was selected as its computational performance and
accuracy is superior to many other methods [16, 25, 27, 28]. The Infomap minimizes the
descriptive length required for enlisting the path traversed throughout the network by a ran-
dom walker [29]. Intuitively, a random walker takes more steps in the parts of the network
that are more connected. Alternatively, once inside a cluster, the random walker is more likely
to take its next step within rather than outside the cluster. Hence, running the random walk
several times and tracking the walker would reveal the clusters of the network.

The lower bound of the average descriptive length is calculated based on the “map
equation” depicted in Eq 2. The map equation states that the average descriptive length of
walks under the cluster configuration M (L(M)) is equal to the sum of the average number
of bits required to describe the movements of a random walker between clusters (denoted
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by ~ subscript) and the average number of bits required to describe their inter-cluster move-
ments (denoted by U subscript).

L(M) =q.H(Q) +Y . P,H(P) (2)

The first term on the right-hand side of the map equation describes the average number of
bits required for describing the inter-cluster steps. g~ denotes the probability of switching clus-
ters in each step, which is equal to the sum of probabilities of the random walker exiting cluster
¢ (g¢~). On the other hand, the average length of a code word required for describing the states
of a random variable X occurring with probability g, is at least equal to the entropy of X i.e.
H(X) [30]. Therefore, the entropy of movements among clusters could be obtained from Eq 3.

HIQ) = 37, Lo 2 ()

=1 q_h qm

The second term on the right-hand side of the map equation shows the average number of
bits required to describe inter-cluster movements, which is equal to the entropy of inter-cluster
movements. H(P®) is the entropy of intra- cluster movements c. P§, is the fraction of intra-
cluster movements and the possibility of exiting the cluster ¢, which could be computed from
Eq4.

Pi) = qc“ + ]-Eij (4)

In other words, P;, is the amount of time a random walker spends in a cluster before exist-
ing it c. p; is the probability of the visiting node t, which is equal to the sum of visit rates on
links (g;;) over all source nodes i:

p= 4 =D b by (5)

pij denotes the conditional probability that the random walker moves from node i to node j.
This is where the link weights come into equation.

W,

p; = ’ (6)

Wi

As URNSs are directed, the random walker might get stuck in a dangling node, i.e. a node
with only incoming links. To avoid this situation and ensure the steady-state distribution, tele-
portation is introduced to the random walk. Wirth the introduction of teleportation, the ran-
dom walker is converted into a random surfer: at each time step with probability 1 -7, the
random surfer follows one of the outgoing links from node s to its adjacent node t with a prob-
ability corresponding to the weights of the outgoing link connecting i to j (w;;). With the prob-
ability 7, the random surfer teleports to a random node with uniform probability anywhere in
the network. If node s has no outgoing links, the surfer would teleport with probability 1 [31].
Therefore, the probability that the random surfer reaches node j (p;) is calculated as follows:

Zz’wij
Eijwij

b= (1 - T)iji P +71 (7)

This is the mechanism by which the choice of weights has a bearing on the number and
structure of clusters. H(P°) in Eq 2 is the entropy of internal movements in clusters, which is
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calculated as follows:

qc/‘ quf‘ pi pi
H(P) = lo + lo 8
( ) qc/‘- + ZjECPj g (qc“ + Z]Ecp]> Ziec qc/‘- + Z]ecp] g (qc/‘* + Z]Ecp]> ( )

By combining all these values in the map equation, the average description length for one
step could be obtained under a specific cluster configuration M.

Homogeneity measures

Similar to previous studies, we utilized TV to evaluate the performance of clustering and
comparing methods. According to Eq 10, TV indicates the ability of a clustering setting to
partition the URN into a homogeneous sub-region.

TVpartitioned _ Zi\nhzl Ncm X VaT(Cm)

TVunpurtitianed N x Vﬂ?’(C)

TVy

In this case, N is the number of nodes in graph D,, N, is the number of nodes in commu-
nity c¢,, and N_ is the total number of communities in the setting under evaluation. var(c,,) is
the variance of road density within community ¢, and var(c) is the variance of total road den-
sity (without partitioning).

The clusters detected by the Infomap are modified in order to assure minimum possible
heterogeneity among all road segments of a community (step C). As shown in Algorithm 1,
this goal was fulfilled by finding the best subset of a cluster maximizing the MV, , as defined in
Eq 11. This equation reveals improvement in variance of road density in the case that cluster
¢ only consists of the nodes in subset ¢/ . The size of the subset (NE/m ) was taken into account

in order to prevent communities from complete decomposition and to highlight subsets with
further nodes. It is noteworthy that the subsets of a cluster were found by generating all subsets
of a set that contained nodes belonged to a cluster (with the same label) and checking their
contiguity in a subgraph in which there were no other nodes of cluster. This means that a sub-
set of cluster c,, () was defined as a subset containing connected nodes with the label c,,.

MV, =N, [var(c,) — var(c, )]° (10)

In the next step, the nodes of the best subset (maximum amount of MN,, ) were merged

and held as a cluster while another nodes remained unchanged as separate clusters.

Case of incomplete information

It is not economically feasible to install traffic detectors in all urban roads. Hence, the traffic
data (speed or density) of some roads would be unavailable when it comes to network analysis
and community detection. In fact, the missing data induce uncertainty about the weight links
of graph D, (step A) and consequently prevent the random walker from moving based on den-
sity discrepancy (step B). Therefore, the random walk was limited to moves in the roads for
which data was available. It was conducted by providing new connections in a specified maxi-
mum distance between non- neighbor roads and roads where the random walker had to pass a
missing node. This distance precludes generating disjointed parts in the path of a random
walker for low data penetration rate. Also, in order to guarantee the contiguity of communi-
ties, a penalty was set for the random walker’s movement through these connections.
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Therefore, the weight links of the graph D, for incomplete cases would be obtained as follows:
wi = [6%7" x (k= k)] (11)

Where, & is the penalty value and dj; is the shortest path between nodes i and j. It should be
noted that the graphs of incomplete cases only contained nodes for which data was available.
Thus, for each iteration, the shortest path between nodes was independently calculated from
another graph that had all nodes (even the missing nodes) and its weight links were 1

(w;?z =1).

Results

The proposed method was applied to the network of San Francisco, USA and Shenzhen,
China. These networks were used to test the previous methods of community detection for the
application of perimeter control based on MFD. Data on San Francisco was derived from a
simulation and the data on Shenzhen was gathered from a database of 20000 taxi trajectories.
In this section, first the results are explained and compared to Infomap in order to show the
effectiveness of the modification step. Then, a comparison is drawn between the present find-
ings and those of previous methods.

Table 1 shows the effect of y on homogeneity, highlighting the fact that a larger number of
clusters would improve homogeneity in the values of TVy. In fact, given the interaction effect
of intensity of connectivity and density discrepancy on random walker movement, different
values of ¥ in networks were tested with various structures. Therefore, the optimum clustering
was considered for the case where more homogeneity was achieved with a lower number of
clusters. As can be seen, the optimum values of ¥ were 3 and 2 for San Francisco and Shenzhen,
respectively. It is worth noting that values greater than 4 could not be used because clusters
emerged in a road segment.

Fig 2 depicts clusters in both studied cities. The contiguity of communities is evident in this
figure. Figures on the right show a higher number of clusters than those on the left. A higher
number of clusters improves the homogeneity of clusters but the clusters may be too small for
a perimeter control. This situation is shown in cluster 1 of San Francisco and Shenzhen in
(Fig 2a and 2c¢), respectively. However, the minimum value of TV obtained with a reasonable
number of clusters is of theoretical value in assessing the quality of a method and comparing
their ability in detection of homogeneous communities.

Table 1. Clustering results.

San Francisco Shenzhen
V4 #clusters TVy #clusters TVy
1 5 0.37 5 0.69
3 0.36 4 0.71
2 6 0.19 6 0.42
4 0.21 3 0.54
3 5 0.17 6 0.45
2 0.20 3 0.53
4 4 0.21 6 0.44
3 0.23 4 0.57

https://doi.org/10.1371/journal.pone.0260201.t001
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(a) San Francisco with five clusters (b) San Francisco with two clusters
o cluster 1 o cluster 1
e cluster 2 o cluster 2
o cluster 3
cluster 4
o cluster 5
WRRN —
Py A . =
R =
TVn=0.17 TVn=0.2
(c) Shenzhen with six clusters (d) Shenzhen with two clusters

1

o
o cluster 1 o cluster 1
o cluster 2 o cluster 2
— cluster 3 o cluster 3
==l -y cluster 4
o cluster 5
!

T o cluster 6 H 1

f -
TVn=0.43 TVn=0.54

Fig 2. Clustering results for San Francisco and Shenzhen.

https://doi.org/10.1371/journal.pone.0260201.g002

Case of incomplete information

The functionality of the proposed method was scrutinized at different levels of data availability.
Fig 3 illustrates TV variation as the penetration rate increases from 40 to 90%. It is clear that
the proposed method is robust even for incomplete information as the homogeneity index of
clusters does not change significantly due to variations in the penetration rate. The maximum
connection distance is 3.
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Fig 3. The effect of incomplete information on effectiveness of the method (6 = 3).

https://doi.org/10.1371/journal.pone.0260201.9003

Dynamic clustering

Data gathered in Shenzhen included traffic information aggregated and averaged over 5-min
time intervals. This data was used for dynamic clustering of the network. Fig 4 shows the
results for 15 min time intervals. ¥ [km/hr] shows the average speed in each cluster, which is
an indicator of cluster discrepancy in terms of their traffic condition.

Comparison with Infomap

The benefits of modification made to the Infomap become evident by comparing the homoge-
neity of clusters in each method. Fig 5 shows TV values derived from the original Infomap
and our method. Horizontal axis shows the number of iterations (5 for San Francisco and 22
for Shenzhen).

Numbers beside the circles indicate the number of clusters in that iteration. As shown in
Fig 5, Infomap modifications improves the homogeneity of clusters.

Comparison with previous studies

Table 2 shows TV values obtained from previous methods. A comparison of values listed in
this table and Table 1 suggests 10% difference between the homogeneity of clusters detected in
proposed method and the one introduced by Saeedmanesh and Geroliminis. However, unlike
previous methods, the presented method guarantees the contiguity of clusters, which is crucial
for implementing the perimeter control. Therefore, it was possible to find connected clusters
that are almost as homogeneous as clusters identified by previous methods.

Conclusion

In this study, a new method for clustering real world urban road networks was proposed. The
proposed method is based upon well-established Infomap but enforces modifications which
apparently enhance the quality of results. The main application of this method is dividing
urban areas into homogenous and connected regions. This would in turn enable urban traffic
managers to implement perimeter control more accurately and effectively. Using macroscopic
fundamental diagrams, perimeter control sets the inflow of an urban region to maximize the
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Fig 4. Dynamic clustering of Shenzhen network using the proposed method.

https:/doi.org/10.1371/journal.pone.0260201.9004
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Fig 5. Homogeneity of clusters under Infomap and the proposed method.
https://doi.org/10.1371/journal.pone.0260201.9005
Table 2. TV results of previous methods.
San Francisco Shenzhen
#clusters TVy #clusters TVy
Ji and Geroliminis (2012) 3 0.85 4 0.89
Saeedmanesh and Geroliminis (2016) 2 0.17 2 0.74
3 0.17 3 0.60
4 0.17 4 0.57
5 0.16 5 0.45
Saeedmanesh and Geroliminis (2017) 2 0.17 2 0.48
3 0.16 3 0.38
4 0.15 4 0.37

https://doi.org/10.1371/journal.pone.0260201.t002

spatial average of traffic flow in the region. Maximizing the spatial average of traffic flow indi-
cates increasing the utilization of provided capacity through road infrastructure.

The method proposed in this paper has several advantages over existing methods. For
instance, while its regions are as homogenous as those achieved by the best previous methods,
it guarantees connectedness and computational efficiency. The proposed method was tested
under incomplete information in which traffic data is available for only a fraction of links of a
network. It was shown that the proposed method is fairly robust versus lack of input data.

Author Contributions

Conceptualization: Nikolas Geroliminis, Meisam Akbarzadeh.

Data curation: Meisam Akbarzadeh.

Formal analysis: Seyed Arman Haghbayan, Nikolas Geroliminis, Meisam Akbarzadeh.
Investigation: Meisam Akbarzadeh.

Methodology: Nikolas Geroliminis, Meisam Akbarzadeh.

Project administration: Meisam Akbarzadeh.

Software: Seyed Arman Haghbayan.

Supervision: Meisam Akbarzadeh.

PLOS ONE | https://doi.org/10.1371/journal.pone.0260201

November 29, 2021 12/14


https://doi.org/10.1371/journal.pone.0260201.g005
https://doi.org/10.1371/journal.pone.0260201.t002
https://doi.org/10.1371/journal.pone.0260201

PLOS ONE

Community detection in large scale congested urban road networks

Visualization: Seyed Arman Haghbayan.

Writing - original draft: Meisam Akbarzadeh.

Writing - review & editing: Meisam Akbarzadeh.

References

1.

10.

1.

12

13.

14.

15.

16.

17.

18.

Geroliminis N. and Daganzo C., “An analytical approximation for the macroscopic fundamental diagram
of urban traffic,” Transp. Res. Part B Methodol., vol. 42, no. 9, pp. 771-781, 2008, https://doi.org/10.
1016/j.trb.2008.02.002

Kouvelas A., Saeedmanesh M., and Geroliminis N., “Enhancing model-based feedback perimeter con-
trol with data-driven online adaptive optimization,” Transp. Res. Part B Methodol., vol. 96, pp. 26—45,
2017, https://doi.org/10.1016/j.trb.2016.10.011

Ramezani M., Haddad J., and Geroliminis N., “Dynamics of heterogeneity in urban networks: Aggre-
gated traffic modeling and hierarchical control,” Transp. Res. Part B Methodol., vol. 74, pp. 1-19, 2015,
https://doi.org/10.1016/j.trb.2014.12.010

Aalipour A., Kebriaei H., and Ramezani M., “Analytical Optimal Solution of Perimeter Traffic Flow Con-
trol Based on MFD Dynamics: A Pontryagin’s Maximum Principle Approach,” IEEE Trans. Intell.
Transp. Syst., vol. 20, no. 9, pp. 3224—-3234, 2019, https://doi.org/10.1109/TITS.2018.2873104

Haddad J. and Zheng Z., “Adaptive perimeter control for multi-region accumulation-based models with
state delays,” Transp. Res. Part B Methodol., vol. 137, pp. 133—-153, 2020, https://doi.org/10.1016/j.trb.
2018.05.019

Buisson C. and Ladier C., “Exploring the impact of homogeneity of traffic measurements on the exis-
tence of macroscopic fundamental diagrams,” Transp. Res. Rec., no. 2124, pp. 127—136, 2009, https://
doi.org/10.3141/2124-12

Mazloumian A., Geroliminis N., and Helbing D., “The Spatial Variability of Vehicle Densities as Determi-
nant of Urban Network Capacity,” SSRN Electron. J., 2012, https://doi.org/10.2139/ssrn.1596042

Geroliminis N. and Sun J., “Properties of a well-defined macroscopic fundamental diagram for urban
traffic,” Transp. Res. Part B Methodol., vol. 45, no. 3, pp. 605-617, 2011, https://doi.org/10.1016/j.trb.
2010.11.004

Saeedmanesh M. and Geroliminis N., “Clustering of heterogeneous networks with directional flows
based on ‘Snake’ similarities,” Transp. Res. Part B Methodol., vol. 91, pp. 250-269, 2016, https://doi.
org/10.1016/j.trb.2016.05.008

AmbUhl L., Loder A., Bliemer M. C. J., Menendez M., and Axhausen K. W., “A functional form with a
physical meaning for the macroscopic fundamental diagram,” Transp. Res. Part B Methodol., vol.
137, pp. 119-132, 2020, https://doi.org/10.1016/j.trb.2018.10.013

Ambuhl L., Loder A., Bliemer M. C. J., Menendez M., and Axhausen K. W., “Introducing a re-sampling
methodology for the estimation of empirical macroscopic fundamental diagrams,” Transp. Res. Rec.,
vol. 2672, no. 20, pp. 239-248, 2018, https://doi.org/10.1177/0361198118788181

Ji'Y. and Geroliminis N., “On the spatial partitioning of urban transportation networks,” Transp. Res.
Part B Methodol., vol. 46, no. 10, pp. 1639—-1656, 2012, https://doi.org/10.1016/j.trb.2012.08.005

Saeedmanesh M. and Geroliminis N., “Dynamic clustering and propagation of congestion in heteroge-
neously congested urban traffic networks,” Transp. Res. Part B Methodol., vol. 105, pp. 193-211,
2017, https://doi.org/10.1016/j.trb.2017.08.021

Fortunato S., “Community detection in graphs,” Phys. Rep., vol. 486, no. 3-5, pp. 75—-174, 2010,
https://doi.org/10.1016/j.physrep.2009.11.002

DuanY. and Lu F., “Robustness of city road networks at different granularities,” Phys. A Stat. Mech. its
Appl.,vol. 411, pp. 21-34, 2014, https://doi.org/10.1016/].physa.2014.05.073

Akbarzadeh M., Salehi Reihani S. F., and Samani K. A., “Detecting critical links of urban networks using
cluster detection methods,” Phys. A Stat. Mech. its Appl., vol. 515, 2019, https://doi.org/10.1016/j.
physa.2018.09.170

Yildirimoglu M., Sirmatel I. I., and Geroliminis N., “Hierarchical control of heterogeneous large-scale
urban road networks via path assignment and regional route guidance,” Transp. Res. Part B Methodol.,
vol. 118, pp. 106—-123, 2018, https://doi.org/10.1016/j.trb.2018.10.007

Akbarzadeh M., Mohri S. S., and Yazdian E., “Designing bike networks using the concept of network
clusters,” Appl. Netw. Sci., vol. 3, no. 1, 2018, https://doi.org/10.1007/s41109-018-0069-0 PMID:
30839807

PLOS ONE | https://doi.org/10.1371/journal.pone.0260201 November 29, 2021 13/14


https://doi.org/10.1016/j.trb.2008.02.002
https://doi.org/10.1016/j.trb.2008.02.002
https://doi.org/10.1016/j.trb.2016.10.011
https://doi.org/10.1016/j.trb.2014.12.010
https://doi.org/10.1109/TITS.2018.2873104
https://doi.org/10.1016/j.trb.2018.05.019
https://doi.org/10.1016/j.trb.2018.05.019
https://doi.org/10.3141/2124-12
https://doi.org/10.3141/2124-12
https://doi.org/10.2139/ssrn.1596042
https://doi.org/10.1016/j.trb.2010.11.004
https://doi.org/10.1016/j.trb.2010.11.004
https://doi.org/10.1016/j.trb.2016.05.008
https://doi.org/10.1016/j.trb.2016.05.008
https://doi.org/10.1016/j.trb.2018.10.013
https://doi.org/10.1177/0361198118788181
https://doi.org/10.1016/j.trb.2012.08.005
https://doi.org/10.1016/j.trb.2017.08.021
https://doi.org/10.1016/j.physrep.2009.11.002
https://doi.org/10.1016/j.physa.2014.05.073
https://doi.org/10.1016/j.physa.2018.09.170
https://doi.org/10.1016/j.physa.2018.09.170
https://doi.org/10.1016/j.trb.2018.10.007
https://doi.org/10.1007/s41109-018-0069-0
http://www.ncbi.nlm.nih.gov/pubmed/30839807
https://doi.org/10.1371/journal.pone.0260201

PLOS ONE

Community detection in large scale congested urban road networks

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

Bai L., Yang L., Song B., and Liu N., “A new approach to develop a climate classification for building
energy efficiency addressing Chinese climate characteristics,” Energy, vol. 195, 2020, https://doi.org/
10.1016/j.energy.2020.116899 PMID: 32055100

LiY., Fei T., and Zhang F., “A regionalization method for clustering and partitioning based on trajecto-
ries from NLP perspective,” Int. J. Geogr. Inf. Sci., vol. 33, no. 12, pp. 2385-2405, 2019, https://doi.org/
10.1080/13658816.2019.1643025

Alene K. A. and Clements A. C. A., “Spatial clustering of notified tuberculosis in Ethiopia: A nationwide
study,” PLoS One, vol. 14, no. 8, 2019, https://doi.org/10.1371/journal.pone.0221027 PMID: 31398220

Wang X., Liu G., LiJ., and Nees J. P., “Locating structural centers: A density-based clustering method
for community detection,” PLoS One, vol. 12, no. 1, 2017, https://doi.org/10.1371/journal.pone.
0169355 PMID: 28046030

Liagat M. et al., “Distance-based and low energy adaptive clustering protocol for wireless sensor net-
works,” PLoS One, vol. 11, no. 9, 2016, https://doi.org/10.1371/journal.pone.0161340 PMID:
27658194

Zolfaghari F., Khosravi H., Shahriyari A., Jabbari M., and Abolhasani A., “Hierarchical cluster analysis
to identify the homogeneous desertification management units,” PLoS One, vol. 14, no. 12,2019,
https://doi.org/10.1371/journal.pone.0226355 PMID: 31851718

Agreste S. et al., “An Empirical Comparison of Algorithms to Find Communities in Directed Graphs and
Their Application in Web Data Analytics,” IEEE Trans. Big Data, vol. 3, no. 3, pp. 289-306, 2016,
https://doi.org/10.1109/tbdata.2016.2631512

Porta S., Crucitti P., and Latora V., “The network analysis of urban streets: A dual approach,” Phys. A
Stat. Mech. its Appl., vol. 369, no. 2, pp. 853-866, 2006, https://doi.org/10.1016/j.physa.2005.12.063

Lancichinetti A. and Fortunato S., “Community detection algorithms: A comparative analysis,” Phys.
Rev. E—Stat. Nonlinear, Soft Matter Phys., vol. 80, no. 5, pp. 1-11, 2009, https://doi.org/10.1103/
PhysRevE.80.056117 PMID: 20365053

Gince Keziban O., Vincent L., and Hocine C., “Comparative evaluation of community detection algo-
rithms: a topological approach,” J. Stat. Mech. Theory Exp., vol. 2012, no. 08, p. P08001, 2012,
[Online]. Available: http://stacks.iop.org/1742-5468/2012/i=08/a=P08001.

Rosvall M. and Bergstrom C. T., “Maps of random walks on complex networks reveal community struc-
ture,” vol. 105, no. 4, 2008. https://doi.org/10.1073/pnas.0706851105 PMID: 18216267

Shannon C. E., “A Mathematical Theory of Communication,” Bell Syst. Tech. J., vol. 27, no. 4, pp. 623—
656, 1948, https://doi.org/10.1002/j.1538-7305.1948.tb00917.x

Rosvall M., Axelsson D., and Bergstrom C. T., “The map equation,” Eur. Phys. J. Spec. Top., vol. 178,
no. 1, pp. 13-23, 2009, https://doi.org/10.1140/epjst/e2010-01179-1

PLOS ONE | https://doi.org/10.1371/journal.pone.0260201 November 29, 2021 14/14


https://doi.org/10.1016/j.energy.2020.116899
https://doi.org/10.1016/j.energy.2020.116899
http://www.ncbi.nlm.nih.gov/pubmed/32055100
https://doi.org/10.1080/13658816.2019.1643025
https://doi.org/10.1080/13658816.2019.1643025
https://doi.org/10.1371/journal.pone.0221027
http://www.ncbi.nlm.nih.gov/pubmed/31398220
https://doi.org/10.1371/journal.pone.0169355
https://doi.org/10.1371/journal.pone.0169355
http://www.ncbi.nlm.nih.gov/pubmed/28046030
https://doi.org/10.1371/journal.pone.0161340
http://www.ncbi.nlm.nih.gov/pubmed/27658194
https://doi.org/10.1371/journal.pone.0226355
http://www.ncbi.nlm.nih.gov/pubmed/31851718
https://doi.org/10.1109/tbdata.2016.2631512
https://doi.org/10.1016/j.physa.2005.12.063
https://doi.org/10.1103/PhysRevE.80.056117
https://doi.org/10.1103/PhysRevE.80.056117
http://www.ncbi.nlm.nih.gov/pubmed/20365053
http://stacks.iop.org/1742-5468/2012/i=08/a=P08001
https://doi.org/10.1073/pnas.0706851105
http://www.ncbi.nlm.nih.gov/pubmed/18216267
https://doi.org/10.1002/j.1538-7305.1948.tb00917.x
https://doi.org/10.1140/epjst/e2010-01179-1
https://doi.org/10.1371/journal.pone.0260201

