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Abstract Many complex networks exist to facilitate the transport of material or information. In this

capacity, we are often concerned with the continued flow of material or information when a fraction of

the links in the complex network is disrupted. In other words, we are interested in the robustness of

the complex network. In this paper, we survey measures of robustness like the average path length,

the average clustering coefficient, the global efficiency, the size of largest cluster and use these to

analyze the robustness of the bus network in Hanoi, Vietnam. We find that the bus network is robust

against random failure but sensitive to targeted attack, in agreement with its scale-free character. By

examining sharp drops in the average path length within the largest cluster of the Hanoi bus network

under successive targeted attack, we identified five nodes whose loss lead to the fragmentation of

the network into five or six disconnected clusters. These isolated clusters represent geographically the

Central, Western, Southern, and Northwestern districts of Hanoi. Special considerations must therefore

be given to these five nodes when planners wish to expand the bus network, or make it more robust.

Keywords Complex Network, Robustness, Hanoi Bus Network, Random Failure, Targeted Attack.

1 Introduction

The bus is a very important mode of public transportation. First of all, because of the huge

number of bus commuters the bus fare per person is low [1]. Secondly, unlike airline systems

that are heavily correlated with geographical constraints, or metro systems that connect some
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parts of cities, bus systems can be easily expanded to all locations of a city or even whole cities

or a country [1, 2]. Buses are even more important in many developing countries which do not

have good rail systems. By creating bus lanes, using multiple vehicles with short headways,

and designating stops further apart, part of the bus fleet can also be reconfigured into a Bus

Rapid Transit (BRT) network very quickly and cheaply to meet the huge demands of the

largest metropolitan areas [3]. Thus, bus and BRT network design has always attracted a lot

of attention from transportation researchers.

In the traditional design research of transport systems in general and bus systems in specific,

researchers mostly consider geography, connectivity, route speed, distance between nearby sta-

tions, route length, and ease of expansion as important factors [4–6]. Kocur and Hendrickson

(1982) [7] highlighted the importance of bus transit system designs and showed mathematical

formula which can be used to calculate and maximum revenue, reduce cost and also user ben-

efit. There are also studies on bus route optimization and fleet management [8, 9]. Working

with objective functions such as total system cost, operator profit, and social welfare, Chang

and Schonfeld (1991) [8] proposed a multiple period model to construct the best route, in such

a way that the service headways of the route can be improved over time. For example, for the

same routes the headways can be differently optimized during peak, off-peak and night times.

In contrast, Chien et al. [9] used a combination approach with Geographic Information Systems

database that contains real-world information such as street geometry and traffic conditions to

build a model for bus route optimization. Some other researchers use genetic algorithms in bus

research [10–12]. Pattnaik, Mohan and Tom (1998) [11] proposed two genetic algorithm meth-

ods to design the bus route network, while Bielli et al. [10] and Shrivastava et al. [12] suggested

using genetic algorithm for bus network optimization. However, results from these studies were

limited since they focus mostly on developing theoretical models, algorithms and do not carry

out comprehensive and detailed experiments on large scale transportation networks.

These studies also do not address the question on how robust the bus system is, which

clearly impact bus operations on the network. For example, we can ask what will happen to

the connectivity of a bus system if a bus line is added or removed? In response to system-level

questions like this, a new research direction using complex networks has emerged. For the study

of public transport systems, complex networks have the following advantages. First of all, public

transport network can be effectively visualized as a complex network [13]. Many topological

representations such as L-space and P-space [14–16] can be used. For example, the degree

distribution, average clustering coefficient, average shortest path aspects of a public transport

system can be analyzed within the L-space representation, whereas the average transfer time can

be analyzed within the P-space representation [17]. Secondly, within the vocabulary understood

for complex networks there are many statistical physics concepts that can be applied to quantify

transport systems [13, 16]. Already, a number of empirical studies have been conducted, for

example, studying traffic flow on a weighted transport system [13, 18, 19], or the fact that many

large public transport systems are scale-free networks [20]. So far complex network research

of bus systems has been carried out in developing countries such as Brazil, India and China

[1, 2, 21, 22]. These researches are starting to bear fruit for public transportation in such
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developing countries, especially to increase the development in their cities. However, no such

research has ever been done in Vietnam [14].

Since its city limits were expanded in 2008, Hanoi is the biggest city in Vietnam with a land

area of 3.345 km2 (3.6 times larger after expansion) and total population of 7.327 million (twice

the population before expansion) [23]. Hanoi is served by a bus system with 63 lines connecting

13 districts with 483 stations and 643 connections between stations. The bus system is especially

important to Hanoi because its rail system is still in an early stage of development. Even so, the

bus system caters only to 10% of the travel demand in Hanoi [23]. The fast expansion of the city

and rapid increase of population require the Hanoi bus system to be upgraded faster, without

compromising its stability. This is complicated by the many modifications of road systems and

bus lines in Hanoi. Our research aimed therefore to carry out a comprehensive survey on the

robustness of the Hanoi bus system, applying complex network methodologies to foresee and

detect if any modification can reduce or improve the effectiveness of the bus system.

In this paper, the Hanoi bus network is abstracted as a complex network, the structure of

which will be changed by random failure and targeted attack. We then introduce measures

of robustness that we can calculate for the system, to show that the Hanoi bus network is

robust against random failures, but sensitive towards targeted attacks. To tell this story, our

paper is organized as follows. In Section 2, we review the definition of a complex network, and

its important properties. A comprehensive review of how to use these properties to measure

robustness of complex network will also be given in Section 2. In Section 3, we simulate random

failures and targeted attacks on the Hanoi bus system, and discuss what these results tell us

about the robustness of the bus network. Finally, we conclude in Section 4.

2 Robustness of Complex Networks

The study of complex networks is a growing research field related to biological, technological,

and social systems. Important questions that are being addressed include, for example, the

ability of a complex network to synchronize [24], and the identification of important spreaders

in a complex network [25]. A complex network can be presented as a graph G = (V,E), where

V is a collection of nodes (vertices) and E is a collection of edges (links). One way to represent a

graph is in terms of its adjacency matrix A, whose matrix element is Aij = 1 if there is an edge

between two nodes i and j then and Aij = 0 otherwise. From G or its adjacency matrix A we

measure network properties such as its degree distribution, average path length, size of largest

cluster, average size of isolated cluster, clustering coefficient, and global efficiency. The first

and most important property of complex networks to survey is the degree distribution. For an

undirected network, the degree of a node is the number of connections it has with other nodes.

Over the entire network, the degree distribution P (k) is then the fraction of nodes having k

connections [26].

Typically, to study a complex network’s robustness, we remove a fraction of its nodes (and

all edges they are connected to), and check if the network is still fully connected, or if it has

fragmented into disconnected sub networks, the size of the largest cluster. This node removal
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can be done randomly (error) or in a targeted fashion (attack). One of the most common

criteria for choosing nodes to attack is to choose those with higher degrees first (degree-based

attack). The network ’s ability to continue functioning when these damages occur is called

its robustness [27, 28]. Surveys of random failures and targeted attacks based on structural

properties are important for understanding the effects of these two types of damages to all kind

of network systems, such as the internet, transportation, biology, social networks, and so on.

Previous studies have shown that the robustness of a complex network depends very much

on its topology [29–31]. In a random network, each node has approximately the same degree,

and is thus homogeneous [29]. The degree distribution of random networks follows a Poissonian

distribution [26, 30, 31].

P (k) =
e−zzk

k!
(1)

where z = 〈k〉 is the average degree.

On the other extreme, many real complex networks such as the World Wide Web, the

internet, air travel network, and biological systems are scale-free networks [31]. A scale-free

network is heterogeneous, in that some nodes have very high degrees compare to other nodes

in same networks [29]. Scale-free networks have a power-law degree distribution [26, 29–31].

P (k) ≈ ck−γ (2)

where k runs from the minimum to the maximum degree of nodes, and the exponent γ may

be different for different networks.

Besides the degree distribution, another property related to the robustness of a complex

network is the average path length, obtained by averaging the shortest paths over all pair of

nodes in the network [29, 33, 34]. The average path length of a network tells us how connected

the network ’s nodes are. In real world complex networks, the average path length is very small

[29, 34]. Researches also used other network properties, such as size of largest cluster (S) and

average size of isolated cluster (〈S〉), clustering coefficient (C), characteristic path length (L),

and global efficiency (E) to examine the robustness of a network [29–32, 35, 36].

Consider a node i of the network, and the ki nodes it is connected to. Let Gi be the subgraph

that contains these ki nodes [30, 39]. If Gi is fully connected it can have the maximum number

of edges ki(ki−1)/2. The clustering coefficient Ci of node i,

Ci =
2Ei

ki(ki − 1)
(3)

is the ratio of number of edges Ei in graph Gi to the maximum number of edges. We then

obtain the average clustering coefficient
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C =
1

N
Σi∈GCi (4)

of the whole graph by averaging over Ci [29, 30], where N is number of nodes of graph G.

For the graph G, the characteristic path length is [30, 37, 38]:

L(G) =
1

N(N − 1)

∑
i6=1∈G

dij (5)

where dij is the shortest path length between two nodes i and j. By definition dij ≥ 1 and if

dij = 1 there is an direct edge connecting the two nodes. In principle L is well-defined if graph

G is fully connected. If there is no path between nodes i and j then dij = +∞, and as a result

L is divergent [30]. But when damages happen, nodes and edges are removed, then some nodes

can become disconnected and L will become divergent, and cannot be a measure of robustness.

In view of this, Latora and Marchiori suggested global efficiency (E) as a new measure of

robustness [30, 31, 38]. By modifying the adjacency matrix such that Aij = 1 when there is an

edge between i and j, and Aij = +∞ otherwise, then the distance of shortest path dij between

node i and node j will automatically become dij = +∞ when there is no path between i and j.

The authors also define E in terms of 1
dij

, which fixes the divergence problem of characteristic

path length. With a further normalization by factor 1/N(N − 1), the global efficiency.

E(G) =
1

N(N − 1)

∑
i 6=1∈G

1

dij
(6)

is then always more than 0 and less than 1.

Using the above properties to survey the robustness of complex networks, many researchers

arrived at the same general conclusion [29–32, 35, 36]: scale-free networks are extremely robust

against failure but are vulnerable against attack (especially degree-based attack). In their

experiments, we see how properties measuring robustness of the scale-free networks are stable

under failure but change rapidly to reach their limits under attack. We now understand why

this is so: scale-free networks are heterogeneous, and some nodes are really important. These

important nodes have many connections compared to other nodes, so if the attack is based on

removing important nodes first then the structures of the networks will be easily destroyed.

To arrive at these conclusions, both Albert’s team [29] and Jeong’s team used [32] the average

path length as a measure of robustness for the complex network, as it depends sensitively on

the interconnectedness of networks. Normally, well-functioning real-world networks with very

many nodes (such as WWW, social networks) has small average path lengths, and if we remove

nodes we can normally increase distances between nodes and as a result will increase the average

path length [29]. In Albert’s and his colleagues’ research an artificial scale-free network with

10,000 nodes and 20,000 links was used. In addition, they also used two real complex networks,



6 TRAN VU HIEU · CHEONG SIEW ANN · BUI NGOC DUNG

the first is the topological map of the Internet with 6,209 nodes and 12,200 edges, while the

second is a sample of the world-wide web (WWW) with 325,729 nodes and 1,498,353 edges [29].

Changes of the average path lengths of networks under attack and failure were compared. In

the case of the scale-free network, when the percentage of removed nodes was increased from 0

to 5, the average path length under failure remained almost unchanged (at about 5), while the

average path length under attack increased rapidly from 5 to 10 [29]. This result shows that

scale-free networks are robust against failures but are vulnerable against attacks. This holds for

the 10,000-node artificial scale-free network, as well as the two real complex networks. Jeong

et al. [32] also used the average path length to survey the robustness of metabolic networks.

Metabolic networks can be represented as graphs, in which the nodes are substrates and the

edges are metabolic reactions [31]. The degree distribution of the metabolic network is a power

law with γ = 2.2 [32]. When 8% of the nodes (substrates) are randomly deleted the average

path length remained unchanged, whereas when 8% of the nodes are deleted under attack the

average path length increased by 400% [32].

Albert’s team as well as Sole and Montoya, examined the size of the largest cluster (S) and

the average size of isolated clusters (〈s〉) in their papers [29, 35, 39]. In their simulations, Albert

and team found that when the percentage of removed nodes increased from 0% to 2.8% under

failure, the value of S decreased slowly, whereas the value of 〈s〉 remained nearly constant. On

the other hand, the values of S and 〈s〉 both changed dramatically when the percentage of

removed nodes under attack was increased to 1.8%, indicating that the scale-free network is

heavily damaged and broke into many small clusters [29]. The team applied the same methods

to the maps of the Internet and WWW, and obtained similar results, i.e., the two scale-free

networks are robust when large number of nodes are removed randomly, but broke up rapidly

under targeted attack [29]. Measuring the robustness of ecological networks [35, 39], where node

i can connect to other nodes if species i consumed (inward links) or is consumed (outward links)

by these nodes [35], Sole and Montoya examined three ecological networks: Ythan Estuary,

Silwood Park and Litte Rock Late. They showed that the first two networks are scale-free

networks with γ = 1.04 and γ = 1.13, with 134 and 154 nodes respectively. They found that

under failure, the value of S declined gradually from 1, whereas the value of 〈s〉 remained at 1,

but under attack the value of S became 0 and the value of 〈s〉 reached its peak when just 25%

(Ythan Estuary network) and 7.5% (Silwood Park network) of nodes are removed [35, 39].

More recently, Crucitti and his team [30, 31] used clustering coefficient, characteristic path

length, and global efficiency to test robustness of complex network. In Crucitti and his col-

leagues ’experiment with the clustering coefficient (C), an artificial scale-free network with

5,000 nodes and 10,000 links was used. They found that when just 2% of nodes were attacked

C declined rapidly from 0.008 to 0.001, and if more than 2% of nodes were removed under

attack then C was nearly zero. This same value of C under failure is obtained only when the

percentage of removed nodes is already 80% [30]. In Crucitti and his colleague?s experiment

with global efficiency (E), a scale-free network that has 2,000 nodes and 10,000 links was used.

If 80% of the nodes were removed randomly then the scale-free network still has quite decent

efficiency (0.15), but if only 15% of nodes were attacked then the efficiency was reduced by
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half. If the percentage was increased to 35% then the network is almost completely destroyed

[31]. Experiment with characteristic path length (L) by Crucutti and his team [30, 31] shows

similar results, but the results are not as clear as with global efficiency (E). Therefore, E was

considered to be a better property for surveying the robustness of complex networks than L

[27, 30]. Sydney and his team [36] also measured a quantity called the elasticity to prove this

conclusion.

3 Results and Discussions

In this section, we will test the robustness of the Hanoi bus system using the complex-

network properties mentioned in Section 2. First, we collected the data for the Hanoi bus

network from http://timbus.vn/fleets.aspx. This is a graph that contains 483 nodes and

643 edges, where the nodes are bus stops, and the edges are direct bus connections between

the bus stops. See Figure 1. The average degree per node of this network is 〈k0〉 = 2.66, and

the average path length is 〈L〉 = 9.1. In our simulations, the Hanoi bus network is damaged by

random failure as well as targeted attack. For targeted attacks, the nodes are ranked based on

their degrees, with the more important nodes having higher degrees. Each time failure happens

then some percentage of the nodes will be removed randomly, while each time an attack happens

the same percentage of the most important nodes will be removed.

[ht]

(a) (b)

Figure 1 The Hanoi bus network shown using two different layouts: (a) the OpenOrd

layout, and (b) the Fruchterman-Reingold layout. In both pictures, a node

’s size is ranked based on its degree, whereas the color of a node is de-

termined by which community it belongs to. A total of nine communities

were recognized, using the algorithm of Blondel et al. [40].

In Figure 2, we show the degree distribution of the Hanoi bus network. This network is

heterogeneous: while 45% of the nodes have degree 2, we also find a few nodes with degrees

larger than 9. When we plot this degree distribution on a log-log graph, it became apparent

that the bus network is scale-free, with P (k) ≈ ck−γ , with γ = 2.6.
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(a) (b)

Figure 2 (a) The degree distribution of the Hanoi bus network. (b) A log-log graph

of this degree distribution, where the x axis presents ln(k) and the y axis

presents ln (P (k)). The data points are shown as blue circles, and the

best-fit red line has slope γ = −2.6

To test the robustness of the Hanoi bus system, we measure its average path length, clus-

tering coefficient, size of largest cluster, and global efficiency under failure and attack. When

the percentage of nodes removed is increased from 0% to 10%, we see from Figure 3 that as

expected, the average clustering coefficient, the global efficiency, and the size of the largest

cluster decreased monotonically. Also as expected, these quantities decrease more rapidly in

attacks as compared to failures. In fact, the network collapsed when 8% to 10% of the most

connected nodes are attacked. In contrast, when 10% of the nodes fail randomly, the values

of the three quantities remain high, and only vanish when 12% of the nodes fail. According

to previous research [41, 42], scale free networks with γ < 3 are robust again random failures,

but sensitive to attacks. Indeed, we see that the Hanoi bus network is sensitive to attack but

is resilient to failure.

(a) (b)
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(c) (d)

Figure 3 Changes in the Hanoi bus system’s (a) average path length, (b) average

clustering coefficient, (c) global efficiency, and (d) size of largest cluster

with random failure (blue line) and targeted attack (red line) when the

percentage of nodes removed increase from 0% to 10% in (a) and from 0%

to 20% in (b), (c), (d). The failure curve is averaged over 100 random

trials.

More interestingly, the average path length decreases monotonically under random failure

instead of increasing monotonically as expected. To understand why this is so, we look instead

at the average path length of the Hanoi bus network under targeted attack. Here, we see

that the average path length increases rapidly from 9.1 to 10.35 when the percentage of nodes

removed increase from 0% to 0.8%, which is the loss of network robustness that we expected

to see. When more high-degree nodes are attacked, the average path length drops abruptly

before increasing again. This happens twice, until the percentage of nodes attacked reaches

1.1%, where the average path length plunges from 7.8 to 1.7. These sharp drops in the average

path length are associated with the largest cluster suddenly losing a significant fraction of its

nodes, because of the removal of high-degree nodes that are at the same time bridging nodes.

In particular, the nodes removed going from 1.0% nodes removed to 1.1% nodes removed in

the network are especially important, as they caused the Hanoi bus network to fragment into

much smaller clusters (see Figure 4).

(a) (b)
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Figure 4 (a) The Hanoi bus network after 1.0% of nodes are attacked, and (b) the

Hanoi bus network after 1.1% of the nodes are attacked

The nodes that were removed when 1.1% nodes were attacked are Doc La, Chua Boc, Lac

Long Quan, Buoi, and Truong Chinh. At this stage all five nodes have degree k = 5. The

original degrees of these nodes are also k = 5, except for Buoi, which has degree k = 6. After

1.1% of nodes were attacked the average path length of the Hanoi bus network decreased sharply

from 7.8 to 1.7. The Hanoi bus networks before 1.0% and 1.1% of nodes are attacked are shown

in figure 4. In this figure, red dots are nodes with the highest degree in the network, green nodes

are normal nodes, red lines are edges incident on nodes with the highest degree and if these red

lines are deleted, the connected components of the graph becomes disconnected. The picture we

have (see Figure 5) then is Lac Long Quan (red line), Buoi (blue line), Truong Chinh (orange

line), combined with previous attacks Giai Phong (black line), Minh Khai (purple line), Pham

Van Dong (pink line), Pham Hung (green line), Cau Giay (yellow line), Nguyen Trai (navy

line), Nguyen Phong Sac (aqua line), Le Van Luong (silver line), Dai Co Viet (magenta line)

with respective degrees are 15, 12, 12, 10, 10, 9, 6, 6, 5 will isolated the center of Hanoi from the

West and South of Hanoi. The loss of Lac Long Quan (red line) and Buoi (blue line) will also

create isolated areas in the Northwest of Hanoi bordering these two lines, and also Cau Giay

(yellow line), Nguyen Phong Sac (aqua line), Pham Van Dong (pink line), Pham Hung (green

line). This area is not totally isolated because there are three parallel roads (three small gray

lines) that connect to Nguyen Phong Sac (aqua line) and Pham Van Dong (pink line). However,

buses on these three parallel roads only can go to Nguyen Phong Sac and Pham Van Dong, and

no bus can get out from this area. Therefore, when seeking to improve the robustness of the

Hanoi bus network, by adding additional lines to the network, these vital nodes must be taken

into consideration.
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Figure 5 The map of Hanoi when 1.1% nodes of bus network are attacked. Map data c©Mapbox

c©OpenStreetMap.

Finally, let us compare our results to existing transportation network studies in Brazil,

China, India, Poland [1, 2, 15, 16, 21, 22]. Most of these previous studies are concerned with

the statistical properties of the networks, showing that they have scale-free degree distributions.

The only exception is Zhang et al. [43], who in 2011 tested the robustness of the Shanghai

subway network. Like us, they found the bus network robust against random failures but fragile

against targeted attacks. Our novel contribution lies in us going beyond statistical descriptions,

to interpret telling features in the average path length and identify special nodes whose removal

under sustained targeted attacks can completely destroy the network.

4 Conclusions

In this paper we carried out a comprehensive review of measures of a complex network

’s robustness, in particular how scale-free networks are robust against failure, but sensitive

to targeted attacks. As our case study, we analyzed the Hanoi bus network with 483 nodes

(bus stops) and 643 edges (road links), and found that it is a scale-free network. We then

simulated random failure and highest-degree-based attack on the Hanoi bus network, and found

the average clustering coefficient, global efficiency, and size of the largest cluster decreasing

monotonically with the number of nodes failed or attacked. This decrease is more dramatic in

targeted attack than it is in random failure, suggested that the Hanoi bus network is robust

against failures but sensitive to attacks. We also found sharp drops in the average path length
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within the largest cluster when its high-degree nodes are attacked. Based on the sharpest drop

that occurs when 1.1% of the nodes are attacked, we identified five important nodes whose

losses result in the fragmentation of the Hanoi bus network into five or six clusters of moderate

size. Special considerations must be given to these five nodes when planners expand the Hanoi

bus network, or try to make it more robust.

Acknowledgements We would like to thank BSc. Hoang Thanh Tung, Tomo app Viet-

nam, for bus network data collection.
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