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Abstract. In this paper, by focusing on spatial networks embedded in the real
space, we first extend the conventional step-based closeness and betweenness
centralities by incorporating inter-nodes link distances obtained from the positions of nodes. Then, we propose a method for accelerating computation of these
centrality measures by pruning some nodes and links based on the cut links of a
given spatial network. In our experiments using spatial networks constructed from
urban streets of cities of several types, our proposed method achieved about twice
the computational eﬃciency compared with the baseline method. Actual amount
of reduction in computation time depends on network structures. We further experimentally show by examining the highly ranked nodes that the closeness and
betweenness centralities have completely diﬀerent characteristics to each other.
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Introduction

Studies of the structure and functions of large complex networks have attracted a great
deal of attention in many diﬀerent fields such as sociology, biology, physics and computer science [15]. Our final goal of this research is to develop methodologies and technologies that are accurate, eﬃcient and scalable to analyze complex networks which are
now ubiquitous in almost every field of science and to discover useful knowledge from
there. For this we think it is critical to be able to assess and utilize inherent and intrinsic
characteristics of such networks.
One common approach to analyze large complex networks is investigating their
characteristics through a measure called centrality. Various kinds of centralities are used
according to what we want to know. For example, if our goal is to know the topological
characteristics of a network, degree, closeness, and betweenness centralities [11] can
be used. if it is to know the importance of nodes that constitute a network, HITS [5]
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and PageRank [3] centralities are often used. Influence degree centrality [12] is another
one to measure the importance of nodes. Among these conventional centralities, we focus on the closeness and betweenness centralities in this work because they are closely
related to real world problems such as location planning of commercial or evacuation
facilities in a wide area. Here, note that closeness and betweenness centralities usually
approximate the distance between two distinct nodes by the number of links traversed
to get to one node from another. This approximation may not be realistic when analyzing networks such as real traﬃc networks, one of the real world problems. Thus, as a
particular class, we focus on spatial networks embedded in the real space, like urban
streets, whose nodes occupy a precise position in two or three-dimensional Euclidean
space, and whose links are real physical connections [10]. Analyzing and characterizing
the structure of such large spatial networks will play an important role for understanding and improving the usages of these networks, as well as discovering new insights for
developing and planning city promotion, trip tours and so on. To facilitate such research
work, in this paper, we propose techniques useful to accelerate their computations based
on network pruning. This is motivated by the fact that the computation time to calculate
the value of such conventional step-based centralities for every single node in a network
becomes larger as the size of the network gets larger because of the necessity to traverse
each link in the network multiple times.
In this paper, we first extend the conventional step-based closeness and betweenness
centralities by incorporating inter-nodes link distances obtained from the positions of
nodes. Hereafter, we refer to these extended ones as distance-based centrality measures.
Then, we propose a method for accelerating computation of these centrality measures
by pruning some nodes and links that are related to the cut links of a given spatial
network, where each cut link divides the network into two connected components by
its removal. Here, we should note that our approach is applicable to a wider range of
spatial networks, and potentially to complex networks with inter-nodes link distances,
although in this paper, we focus on spatial networks constructed from urban streets
by mapping the intersections of streets into nodes and the streets between the nodes
into links. In the experiments we evaluate the performance of our proposed acceleration
techniques for the spacial networks constructed from cities of several types, and discuss
the characteristics of the distance-based centralities.
This paper is organized as follows. After first explaining the related work in Section 2, we describe the details of our proposed methods in Section 3. In Section 4, we
evaluate the characteristics of networks obtained by our proposed methods both qualitatively and quantitatively, and give our conclusion in Section 5.

2

Related Work

As mentioned earlier, analyzing and characterizing the structure of large spatial networks like urban streets will play an important role for understanding and improving
the usages of these networks embedded in the real space. Thus, the structure and functions of spatial networks have also been studied by many researchers [4, 10, 13, 17, 18,
20]. From structural viewpoints, centrality measures have been widely used to analyze
spatial networks [10, 18], especially by extending the conventional notions of centrality
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measures on simple networks into those of weighted networks based on road usage frequency of urban streets [13, 17]. From functional viewpoints, traﬃc usage patterns in
urban streets have been investigated [4, 20]. In this paper, unlike these previous studies,
we focus on extending the conventional centralities by incorporating inter-nodes link
distances obtained from the positions of nodes, and propose a method for accelerating
the calculation of these centrality measures.
To find important nodes in a network, several centrality measures have been presented in the field of social and information network analysis. Representative centrality
measures include degree, closeness and betweenness centralities [11], HITS (hub and
authority) centrality [5], and PageRank centrality [3]. These measures are also closely
related to quantifying how influential each node is in the context of information diﬀusion, and influence degree centrality can be defined by evaluating the influence of each
node. Unlike centrality measures derived only from network topology, influence degree
centrality exploits a dynamical process on the network as well. An eﬃcient method of
simultaneously estimating the influence degrees of all the nodes was presented under
the SIR model setting [12]. We note that influence degree centrality can also be employed for identifying super-mediators in the social network [19]. In this paper, as our
first step to develop these centrality notions for spatial networks, we focus on closeness
and betweenness centralities, which have been widely used in the field of social network
analysis. Our proposed method in this paper shares the same basic idea of the previous
method presented under the SIR model setting [12] in that redundant nodes and links
are pruned for accelerating the computation of the centrality measures,
For some centrality measures such as betweenness centrality, their computation becomes harder as the network size increases, since it needs to take the global network
structure into account. Thus, several researchers presented methods of approximating
such centralities [1, 16, 6–8]. For instance, a bottom-k sketch [7, 8] is obtained by associating with each node in a network an independent random rank value drawn from
a probability distribution. The bottom-k sketch of each node in the network can be
quite eﬃciently calculated by orderly assigning the rank values from the smallest one
to those nodes reachable by reversely following links over the network. Based on this
framework, a greedy Sketch-based Influence Maximization (SKIM) algorithm has been
proposed, and it has been shown that the SKIM algorithm scales to graphs with billions
of edges, with one to two orders of magnitude speedup over the best greedy methods [9].
Here in this paper, unlike the above approximation approaches, we rather focus on exactly computing the centrality measures whereby there is no need to worry about the
approximation performance. Note that these exact solutions can be used as the groundtruth for evaluating the approximation performance.

3

Proposed Method

Let G = (V, E) be a spatial network consisting of a single connected component without self-loops, where V = {u, v, w, · · · } and E = {e, · · · } ⊂ V × V are sets of nodes
and undirected links, respectively. For each link e = (u, v), we express the distance between nodes u and v by d(u, v), where we can obtain these distances from the positions
of nodes in the spatial network. For each pair of nodes u, w ∈ V without the direct
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connection, we define the distance d(u, w) as the geodesic distance over the network, as
usual. Then, for each node u ∈ V, we can define the following distance based closeness
centrality measure:

−1
 ∑


DC(u) = 
d(u, w) .
(1)
w∈V

Note that the distance based closeness centrality DC(u) is a natural extension to the
conventional step based closeness centrality S C(u) because DC(u) reduces to S C(u) by
setting d(u, v) = 1 for each link (u, v) ∈ E. Similarly, for each node v ∈ V, we can
define the following distance based betweenness centrality measure:
∑
∑ σ(u, w; v)
DB(v) =
(2)
σ(u, w)
u∈V\{v} w∈V\{u,v}
where σ(u, w) is the total number of the paths with the smallest distance between node
u and node w in G and σ(u, w; v) is the number of those paths between node u and node
w in G that passes through node v. Again, note that the distance based betweenness
centrality DB(v) is a natural extension to the conventional step based betweenness centrality S B(v) because DB(v) also reduces to S B(v) by setting d(u, v) = 1 for each link
(u, v) ∈ E. By applying the best-first search algorithm starting from each node u ∈ V
with respect to distance d(u, w), we can calculate these centrality measures, DC(u) and
DB(v), for all the nodes in G. As mentioned earlier, when calculating closeness and betweenness centrality measures, their computation becomes harder as the network size
increases. Below we propose a method of improving the computational eﬃciency to
calculate these centrality measures.
3.1

Pruning Techniques for Closeness Centrality

We say that a link e ∈ E is a cut link if the network G is divided into two connected
components by eliminating the link e. For a given cut link e = (u, v), let V(u \ v) and
V(v \ u) be the sets of nodes in the two connected components, each of which includes
the nodes u and v, respectively, i.e., u ∈ V(u \ v), v ∈ V(v \ u), V(u \ v) ∩ V(v \ u) = ∅
and V(u \ v) ∪ V(v \ u) = V. Let η(u) and δ(u) be the number of the nodes and the
accumulated value of distances obtained by our pruning process relating to the node u,
respectively. Then, after initializing η(u) ← 1 and δ(u) ← 0 for each node u ∈ V, and
setting W ← V and F ← E, we consider calculating DC(x)−1 for each node x ∈ W
by using the following formula:
∑
DC(x)−1 =
(η(w)d(x, w) + δ(w))
(3)
w∈W

Now, let e = (u, v) be a cut link; then, for a node x ∈ V(u \ v), we can decompose
DC(x)−1 as follows:
∑
∑
DC(x)−1 =
d(x, w) +
(d(x, u) + d(u, v) + d(v, w))
=

∑
w∈V(u\v)

w∈V(u\v)

w∈V(v\u)

d(x, w) + |V(v \ u)|d(x, u) + |V(v \ u)|d(u, v) +

∑
w∈V(v\u)

d(v, w).

(4)
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By using the above decomposition shown in Equation (4), we can derive a recursive TP
(Top-down Pruning) technique for closeness centrality. More specifically, we consider
updating η(u) and δ(u) by using the following formulae:
η(u) ← 1 + |V(v \ u)|,
δ(u) ← |V(v \ u)|d(u, v) +

∑

d(v, w),

(5)

w∈V(v\u)

Then, after pruning the node set V(v \ u) and the cut link e = (u, v) from the network
G = (V, E) as W ← V \ V(v \ u) and F ← E \ {e}, we can equivalently calculate
DC(x)−1 by using Equation (3) for each node x ∈ V(u \ v) as obtained by Equation (1).
Clearly, we can apply the same arguments to the case of x ∈ V(v \ u). Therefore, by
generalizing the update formulae of Equation (5) as follows:
∑
η(u) ← η(u) +
η(w),
w∈W(v\u)

δ(u) ← δ(u) + d(u, v)

∑

w∈W(v\u)

η(w) +

∑

η(w)d(v, w),

(6)

w∈W(v\u)

for all the node x ∈ V, we can exactly calculate the closeness centrality measure DC(x)
by using the above recursive TP update shown in Equation (6), where W(u \ v) and
W(v \ u) denote the sets of nodes in the two connected components, respectively, which
are obtained by the removal of the cut link e = (u, v), just like those defined for V.
As a special case, by focusing on the fact that each link of degree-one node is a cut
link, we derive a recursive BP (Bottom-up Pruning) technique algorithm for closeness
centrality. More specifically, for a degree-one node v and its cut link e = (u, v), we
consider updating η(u) and δ(u) as follows:
η(u) ← η(u) + η(v),
δ(u) ← δ(u) + η(v)d(u, v) + δ(v)

(7)

Then, after pruning the node v and its cut link e = (u, v) from the network G = (W, F )
as W ← W \ {v} and F ← F \ {e}, and updating η(u) and δ(u) by Equation (7), we
can also equivalently calculate DC(x)−1 by using Equation (3) for each node x ∈ W as
obtained by Equation (1). Here note that after obtaining the value of DC(u)−1 , we can
calculate DC(v)−1 as follows:
DC(v)−1 ← DC(u)−1 + (|V| − 2η(v))d(u, v)
Therefore, for all the node x ∈ V, we can exactly calculate the closeness centrality
measure DC(x) by using the above recursive TP and BP techniques.
3.2

Pruning Techniques for Betweenness Centrality

We derive the recursive pruning techniques for calculating the betweenness centrality
measure DB(x). Let ϕ(u) be the number of node pairs obtained by our pruning process
relating to the node u. Again, after initializing η(u) ← 1 and ϕ(u) ← 0 for each node
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u ∈ V, and setting W ← V and F ← E, we consider calculating DB(x) for each node
x ∈ W by using the following formula:
∑
DB(x) = ϕ(x) +
η(w)ξ(x; w).
(8)
w∈W\{x}

Here, ξ(x; w) stands for the number of descendant nodes of x obtained by the best first
search starting from the node w, i.e.,
∑
σ(w, x)
ξ(x; w) = η(x) − 1 +
(ξ(z; w) + 1)
,
σ(w, z)
z∈C(x;w)
where C(x; w) means the set of direct child nodes of x for the search from node w. Now,
let e = (u, v) ∈ E be a cut link; then, for a node w ∈ V(u \ v), we can calculate ξ(u; w)
as follows:
∑
σ(w, u)
ξ(u; w) = |V(v \ u)| +
,
(9)
(ξ(z; w) + 1)
σ(w, z)
z∈C(u;w)\{v}
and ξ(u; w) = |V(u \ v)| − 1 for w ∈ V(v \ u). By using the above calculation shown
in Equation (9) and noting that the node u mediates any node pair (w, y) starting from
w ∈ V(v \ u) and ending at y ∈ V(u \ v) \ {u}, but no pair starting from w ∈ V(v \ u)
and ending at y ∈ V(v \ u), we can derive a recursive TP technique for betweenness
centrality. More specifically, we consider updating η(u) and ϕ(u) by using the following
formulae:
η(u) ← 1 + |V(v \ u)|,
ϕ(u) ← V(v \ u)|(|V(u \ v)| − 1)|,

(10)

Then, after pruning the node set V(v \ u) and the cut link e = (u, v) as W ← V \
V(v \ u) and F ← E \ {e}, we can equivalently calculate DB(x) by using Equation (8)
for each node x ∈ V(u \ v) as obtained by Equation (2). Again, we can apply the same
arguments to the case of x ∈ V(v \ u). Therefore, by generalizing the update formulae
of Equation (10) as follows:
∑
η(u) ← η(u) +
η(w),
w∈W(v\u)

ϕ(u) ← ϕ(u) +

∑
w∈W(v\u)


 ∑
η(w) 

w∈W(u\v)



η(w) − 1 ,

(11)

for all the node x ∈ V, we can also exactly calculate the betweenness centrality measure
DB(x) by using the above recursive TP update shown in Equation (11).
Similarly to the case of the closeness centrality, by focusing on the fact that each
link of degree-one node is a cut link, we derive a recursive BP technique algorithm
for betweenness centrality. More specifically, for a degree-one node v and its cut link
e = (u, v), we consider updating η(u), ϕ(u) and ϕ(v) as follows:
η(u) ← η(u) + η(v),
ϕ(u) ← ϕ(u) + η(v)(|V| − η(v) − 1),
ϕ(v) ← ϕ(v) + (η(v) − 1)(|V| − η(v)).

(12)
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Then, after pruning the node v and its cut link e = (u, v) from the network G = (W, F )
as W ← W \ {v} and F ← F \ {e}, and updating η(u), ϕ(u) and ϕ(v) by Equation (12),
we can equivalently calculate DB(x) by using Equation (8) for each node x ∈ W as
obtained by Equation (2). Here note that for any pruned nodes v, we calculate its measure by DB(v) ← ϕ(v). Therefore, for all the node x ∈ V, we can exactly calculate the
closeness centrality measure DB(x) by using the above recursive TP and BP techniques.
3.3

Summary of Proposed Method

Hereafter, we consider simultaneously calculating both the closeness and betweenness
centrality measures for all the node v ∈ V. In our proposed method, the BP technique
is applied before the TP techniques, because we can easily know the degree-one nodes
in our network G. Although we can individually incorporate these techniques into the
baseline method that do not employ our proposed pruning techniques, we only consider
the proposed method without the TP technique, which is referred to as the BP method.
Since it is diﬃcult to analytically examine the eﬀectiveness of these techniques, we
empirically evaluate the computational eﬃciency of these three methods in comparison
to the baseline method without the proposed pruning techniques, which is referred to as
the BL method.

4

Experiments

In this section, after explaining the dataset used in our experiments, we evaluate the
performance of our proposed acceleration algorithm, and discuss the characteristics of
the distance based centralities.
4.1 Dataset
We used OSM (OpenStreetMap) data of eight cities in our experiments, i.e., Barcelona
(Spain, Europe), Bologna (Italy, Europe), Brasilia (Brazil, South America), Cairo (Egypt,
Africa), Washington D.C. (United States, North America), New Delhi (India, Asia),
Richmond (United States, North America), and San Francisco (United States, North
America). These are a subset of cities studied in [10]. In August, 2015, we obtained the
OSM data of these eight cities from Metro Extracts1 . Here note that in our experiments,
the area of each city is more than 100 times larger than those of the previous study [10].
From the OSM data of each city, we extracted all highways and all nodes appearing
in them, and constructed each spatial network by mapping the ends, intersections and
curve-fitting-points of streets into nodes and the streets between the nodes into links.
Then, based on GRS80 [14], we calculated each inter-node link distance from the positions of the nodes, each of which is described by a pair of latitude and longitude. Table 1
shows the basic statistics of the networks for the eight selected cities, where deg means
the average degree of nodes calculated by deg = 2|E|/|V|, and avg, s.d. and max stands
for the average, standard deviation and maximum of inter-node link distances, respectively. From this table, we can see that although the area and the numbers of nodes and
1

https://mapzen.com/data/metro-extracts
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Table 1. Basic statistics as network.
No.
1
2
3
4
5
6
7
8

Name
Area
|V|
|E|
deg avg s.d.
max
Barcelona
45×30km 344,095 378,074 2.2 27.0 34.7 1,396.4
60×45km 262,839 281,294 2.1 34.2 59.3 4,341.1
Bologna
Brasilia
120×104km 197,829 240,546 2.4 78.6 135.6 8,369.9
Cairo
87×86km 195,228 225,049 2.3 69.8 123.2 8,078.4
Washington D.C. 23×18km 114,758 128,746 2.2 25.3 33.7 1,058.5
New Delhi
109×75km 284,964 336,183 2.4 66.2 99.7 10,968.3
Richmond
54×35km 371,174 394,161 2.1 28.5 45.5 15,359.4
90×50km 492,266 541,162 2.1 33.9 48.3 7,241.0
San Francisco

links, |V| and |E|, are substantially diﬀerent, the average degrees are quite similar as
common characteristics of these spatial networks. On the other hand, it seems that each
city has its own characteristics about the statistics of link distances.
In order to more closely study the characteristics of link distances, we examined the
frequency of link distances obtained by
f (k) = |{e = (u, v) ∈ E : ϵk ≤ d(u, v) < ϵk+1 }|,

(13)

where k is a non-negative integer, and ϵk is set to k meter. Figure 1 shows our analysis results of the eight cities shown in Tab. 1, where the horizontal and vertical axes
stand for the distance and frequency, respectively. From these results plotted as loglog graphs, we can observe that each frequency curve is reasonably approximated by a
power-law-like distribution. This suggests that since some link distances have relatively
quite larger values, the distance-based centrality measures may have significantly different characteristics in comparison to those of the step-based centrality measures. In
this paper, we experimentally evaluate these diﬀerences by focusing on the closeness
and betweenness centralities.
4.2

Computational Eﬃciency

As described earlier, we evaluated the eﬃciency of the proposed method which simultaneously calculates DC(v) and DB(v) for each node v ∈ V, by comparing the computation time of the baseline (BL), only bottom-up pruning (BP), and the proposed (PR)
methods. We implemented the BL method based on Brandes’s algorithm [2] known
as the standard and eﬃcient technique for computing the betweenness centrality of
each node in a network. Figure 2 shows the computation time of each method, where
the dataset numbers shown in the horizontal axis are identical to those of Tab. 1. Figure 2(a) compares the actual processing time of these methods, where our programs
implemented in C were executed on a computer system equipped with two Xeon X5690
3.47GHz CPUs and 192GB main memory with a single thread within the memory capacity. Figure 2(b) compares the reduction rates of computation time for these methods
from the BL method.
From Figs. 2(a) and 2(b), we can see that for all the networks, the BP method
steadily improves the computational eﬃciency of the BL method, and the PR method

Accelerating calculation of distance based centrality measures
105

frequency

frequency

frequency

105

105

100 0
10

102
distance (m)

100 0
10

104

(a) Barcelona

(b) Bologna

102
distance (m)

104

104

(c) Brasilia
105

100 0
10

(d) Cairo

102
distance (m)

100 0
10

104

(e) Wash. D.C.

102
distance (m)

104

(f) New Delhi

105

5

frequency

frequency

10

102
distance (m)

frequency

frequency
100 0
10

100 0
10

104

frequency

10

102
distance (m)

105

5

9

100 0
10

102
distance (m)

(g) Richmond

104

100 0
10

102
distance (m)

104

(h) San Francisco

Fig. 1. Frequency of link distances.

slightly improve that of the BP method. These results demonstrate the eﬀectiveness of
the proposed techniques. More specifically, as expected, from Fig. 2(a) and Tab. 1, we
can see that the processing time of the BL method is almost proportional to the size of
network. In contrast, from Fig. 2(b), we can see that the reduction rates of the BP and
PR methods depend on the network, i.e., around from 0.4 to 0.8 for the BP method and
around from 0.3 to 0.7 for the PR method. These results indicate that the eﬀects of our
pruning techniques depend on the networks.
On the other hand, we note that the improvement rates of the PR method over the BP
method are modest, i.e., the reduction rates by the TP technique are not so remarkably
eﬀective. This must be partly because the TP technique requires additional computation
costs for detecting cut links. Overall, we can conjecture that the proposed method combining both the BP and TP techniques is more reliable than the other two methods in
terms of computation time because it produced the best performance for all of the eight
networks. In short, reduction of computation time depends on network structures, but
overall we can say that use of both techniques can increase the computational eﬃciency
by nearly twice of the BL method.
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4.3

Comparison with Conventional Centralities

As noted earlier, we experimentally evaluate the characteristics of the distance- and
the step-based measures by focusing on the closeness and betweenness centralities. In
order to make a fair comparison of these diﬀerent types of centralities, we consider
the normalized measures that are divided by their maximum values, i.e., normalized
distance-based closeness and betweenness centralities are calculated by
nDC(v) = DC(v)/ max{DC(x)},
x∈V

nDB(v) = DB(v)/ max{DB(x)},
x∈V

(14)

respectively. Here, let v(kDC ) be the k-th node which has the k-th largest value in the
distance-based closeness centrality values {DC(v) : v ∈ V}. Similarly, we can define
the k-th node for the other centrality measures as v(kS C ), v(kDB ) and v(kS B ), respectively.
Recall that we denote the step-based closeness and betweenness centrality measures as
S C(v) and S B(v), respectively. Then, we consider characterizing the top-k nodes of
these measures by plotting the following quartets:
{(k, nDC(v(kDC ))), (k, nDC(v(kS C ))), (k, nDB(v(kDB ))), (k, nDB(v(kS B )))}.

(15)

Namely, we evaluate the top-k nodes of the distance- and the step-based closeness centralities by the normalized measures of the distance-based closeness centrality and those
of the distance- and the step-based betweenness centralities by the normalized measures
of the distance-based betweenness centrality.
Figure 3 shows our experimental results, where the horizontal and vertical axes
stand for the rank k up to top-100 and the normalized distance-based closeness or
betweenness centrality measure, respectively. We can see that the closeness and betweenness centralities have completely diﬀerent characteristics. In fact, the top-100
values of the distance- and the step-based closeness centralities (DC= nDC(v(kDC ))
and SC= nDC(v(kS C ))) are almost the same, while the situation is completely different for the two betweenness centralities. The top-100 values of the distance-based
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Fig. 3. Comparison of top-100 nodes.

betweenness centrality substantially decrease (DB= nDB(v(kDB ))), while the top-100
values of the step-based betweenness centrality have no regularity and violently change
(SB= nDB(v(kS B ))). Namely, these results indicate that the ranking by the distanceand the step-based closeness centralities is almost the same, while the ranking by the
distance-based betweenness centrality is substantially diﬀerent from the ranking by the
step-based betweenness centrality. These experimental results suggest that for arbitrary
pairs of nodes, most of the paths with the minimum distances are diﬀerent between the
distance- and the step-based centralities, while the distances of these paths are relatively
close to each other. On the other hand, we can see that the curves for the top-100 nodes
are somewhat diﬀerent from each other across diﬀerent network datasets, although their
global behaviors are generally quite similar regardless of any pairs of the centrality measures and the networks. Thus, it is expected that the normalized measure curves shown
in Fig. 3 may be able to uncover some characteristics of these networks, e.g., the nodes
within the top-50 in San Francisco are quite similar for both the closeness and betweenness centralities,
Next, we investigate how diﬀerently the top ranked nodes in each centrality measure
are distributed on a spatial map. To this end, we plotted the top-10 nodes in each centrality measure on the street map for the Washington D.C. dataset as shown in Fig. 4,
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(a) Closeness centrality

(b) Betweenness centrality

Fig. 4. Top-10 points in the distance-based (star-shaped markers) and step-based (cross-shaped
markers) centralities for Washington D.C.

where the top-10 nodes in the distance-based centrality are denoted by a star-shaped
marker, and those in the step-based centrality are denoted by a cross-shaped marker.
From Fig. 4(a), it is found that the top-10 locations in the closeness centrality are concentrated in a small area for both the distance-based and the step-based centralities. It
seems natural that close neighboring nodes have similar values for the closeness centrality because the distances to another node could be similar regardless of the criterion whether it be distance-based or step-based. Here, remember that the rankings by
the distance- and the step-based closeness centralities tend to be almost the same in
Fig. 3. But, the actual areas in which the top-10 nodes are located are diﬀerent in the
distance- and the step-based centralities. Especially, the area is more limited and closer
to the central area of the city for the distance-based centrality. This characteristic of the
distance-based closeness centrality might be helpful for determining the point to build
facilities such as a delivery center or a disaster shelter.
On the other hand, Fig. 4(b) in which the top-10 nodes in the distance- and the stepbased betweenness centralities are plotted in the map exhibits a bit diﬀerent tendency
from Fig. 4(a). In Fig. 4(b), whether the measure is distance-based or step-based, the
top-10 points are split into two groups, each of which is located on diﬀerent streets that
are apart from each other. The top-10 nodes in the distance-based betweenness centrality have a higher degree of concentration than those in the step-based one, similarly to
the case of closeness centrality in Fig. 4(a). Further, the streets along which the top10 points in the distance-based betweenness centrality are plotted are away from the
streets along which the top-10 points in the step-based betweenness centrality are plotted. This tendency coincides with what we observed in Fig. 3 that the ranking by the
distance-based betweenness centrality is substantially diﬀerent from the ranking by the
step-based betweenness centrality. Interestingly, the street that is close to the bottomright corner and has three star-shaped markers is connecting to a freeway via a bridge,
which is diﬀerent from the other streets with markers. Indeed, one of the three points
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(a) Closeness centrality
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(b) Betweenness centrality

Fig. 5. Top-10 points in the distance-based (star-shaped markers) and step-based (cross-shaped
markers) centralities for Cairo

corresponds to the top node in the distance-based betweenness centrality. These points
might be more critical in this urban traﬃc network than the others because it seems difficult to find alternative routes having a similar distance-based betweenness centrality
value from the nearby street. If the street is closed and the traﬃc is blocked, we would
have to go a very long way around. The distance-based betweenness centrality might
be helpful to find such critical points in a traﬃc network.
We further plotted the top-10 nodes in each centrality measure on the street map
for the Cairo dataset in the same fashion as in Fig. 4. The resulting maps are shown in
Fig. 5. It is found that the findings we obtained above from Fig. 4 also hold in Fig. 5
although the two cities have diﬀerent distributions of link distances as shown in Tab. 1.
Note that the zoom level in Fig. 5 is diﬀerent from the one in Fig. 4. It shows a wider
area than Fig. 4 does. Thus, the groups of the top-10 nodes found in Fig. 5(b) are more
distant from each other than those in Fig. 4(b). This is due to the diﬀerence between
Washington D.C. and Cairo in the distribution of link distances.

5

Conclusion

In this paper, we first extended the conventional step-based closeness and betweenness
centralities to analyze spatial networks. Unlike these conventional centralities that adopt
the number of links to be traversed to reach one node from another as the distance between them, the extended distance-based closeness and betweenness centralities take
into account the inter-nodes link distances obtained from the positions of nodes. They
are natural extensions of the conventional centralities and general enough to include
their definitions as a special case. Second, we have proposed two novel techniques to
improve the computational eﬃciency to compute the distance-based centralities. Both
are based on graph cut and recursively applied to a network in order to reduce scanning
size needed for computing the centralities. The TP (Top-down pruning) technique re-
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cursively decomposes a network into two disjoint sub-networks that are connected by a
cut link, while the BP (Bottom-up pruning) technique recursively removes a degree-one
node by eliminating a cut link adjacent to it before the TP technique is applied. Note
that it is straightforward to extend these techniques so that they can deal with directed
networks.
We conducted extensive experiments using real-world road networks of eight diﬀerent cities that have diﬀerent distributions of link distances. Major findings we obtained
through the experiments are that 1) applying both techniques can improve the computation eﬃciency to calculate the closeness and betweenness centralities about twice as
much of the baseline method, 2) the actual improvement rates depend on networks, and
3) the BP technique is more eﬀective than the TP technique due to the diﬀerence in
the cost of finding cut links to remove. We further found that the node ranking by the
distance-based closeness centrality is almost the same as the ranking by the step-based
closeness centrality, while the ranking by the distance-based betweenness centrality is
substantially diﬀerent from the ranking by the step-based betweenness centrality. Locating the top-10 nodes in each centrality measure on an actual street map brought us
further insights into their characteristics. The top-10 nodes in the distance-based centralities tend to be concentrated in a narrower area than those in the step-based ones
do. Those in the distance-based closeness centrality are more likely to be located in an
area closer to the center of a city than those in the step-based one are so. On the other
hand, the top-10 nodes in the betweenness centralities tend to be split into two groups
whether or not the measure is distance-based or step-based, and these two groups are
geographically apart from each other. The distance-based closeness centrality seems
more helpful to find locations to build facilities easy to access in a given area, while the
distance-based betweenness centrality seems more useful to detect critical points in a
traﬃc network. Finding these points in a network in an eﬃcient way is one of our future
directions. In addition, since centrality values of individual nodes can be computed independently, it is possible to parallelize those computations. This synergistically work
with the proposed methods, leading to further improvement in eﬃciency and scalability.
We are planning to empirically confirm this eﬀect, too.
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