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Abstract—In this paper, we study transmission power to secure
the connectivity of a network. Instead of requiring all nodes to
be connected, we require that only a large fraction (e.g., 95%)
be connected, which is called the giant component. We show that,
with this slightly relaxed requirement on connectivity, significant
energy savings can be achieved for a large-scale network. In
particular, we assume that a total of n nodes are randomly inde-
pendently uniformly distributed in a unit square in �2, that each
node has uniform transmission power, and that any two nodes are
directly connected if and only if the power that was received by one
node from the other node, as determined by the log-normal shad-
owing model, is larger than or equal to a given threshold. First,
we derive an upper bound on the minimum transmission power at
which the probability of having a giant component of order above
qn for any fixed q ∈ (0, 1) tends to one as n → ∞. Second,
we derive a lower bound on the minimum transmission power at
which the probability of having a connected network tends to one
as n → ∞. We then show that the ratio of the aforementioned
transmission power that was required for a giant component to
the transmission power that was required for a connected network
tends to zero as n → ∞. This result implies significant energy
savings if we require that only most nodes (e.g., 95%) be connected
rather than requiring all nodes to be connected. This result is
also applicable for any other arbitrary channel model that satisfies
certain intuitively reasonable conditions.

Index Terms—Connectivity, continuum percolation, giant com-
ponent, log-normal shadowing model, transmission power, wire-
less multihop networks.

I. INTRODUCTION

W IRELESS multihop networks, e.g., vehicular ad hoc
networks, mobile ad hoc networks, and wireless sensor
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networks, are increasingly being used in military and civilian
applications [1]. In general, a wireless multihop network con-
sists of a group of decentralized and self-organized nodes that
communicate with each other in a peer-to-peer manner over
wireless channels, and packets are collaboratively forwarded
hop by hop by the wireless nodes from the source to the desti-
nation with no need for base stations or any fixed infrastructure.

Connectivity is one of the most fundamental properties in
wireless multihop networks [2]–[7]. A wireless multihop net-
work is said to be connected if and only if (iff), for any pair
of two nodes, there is at least one path between them. Over
the past several years, the connectivity problem in wireless
multihop networks has widely been investigated, and significant
outcomes have been achieved [3]–[5], [7]–[11]. Nevertheless,
in many real applications, it is unnecessary for all nodes to
always be connected to each other [12]. Examples of such appli-
cations include a wireless sensor network for habitat monitoring
[13], [14] or environmental monitoring [15], [16] and a mobile
ad hoc network in which users can tolerate short off-service
intervals [17], [18].

In environmental monitoring, there are scenarios where the
size of the monitored phenomenon is very large (e.g., rain
clouds) or the parameters (e.g., temperature, humidity) that are
monitored slowly change both in space and in time. When the
number of nodes for monitoring the phenomenon or measuring
the parameters is very large, having a few disconnected nodes
will not cause a statistically significant change in the monitored
parameters. One example of such applications is a wireless
sensor network that was deployed underneath the Briksdals-
breen glacier in Norway to monitor the pressure, humidity, and
temperature of ice to understand glacial dynamics in response
to climate change [15].

In habitat monitoring, there are scenarios where the number
of objects (e.g., zebras and cane toads) that are monitored
is large and where these objects are randomly almost inde-
pendently distributed in the surveyed region. Having a few
nodes disconnected or lost may not significantly affect the
monitoring accuracy of the monitored parameter, e.g., the size
or the density of the population. Examples of such applications
include the experiment in [13], where a wireless acoustic sensor
network was used to monitor the population distribution of
invasive cane toads in northern Australia. In this application,
having a few nodes disconnected has little impact on the
accuracy of the estimated population distribution.

In many mobile ad hoc networks, having a number of
nodes temporarily disconnected is also not critical, as long as
users can tolerate short off-service intervals. For example, in
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Fig. 1. Simulation results. Average value of ratio r0.95/r1. r1 refers to
the transmission range that was required for a connected network, and r0.95

refers to the transmission range that was required for 95% of nodes to be
connected. The ratio is the average value, and each average value is obtained
over 2000 random topologies, in which a total of n nodes are uniformly
randomly distributed on a unit square.

a campus-wide wireless network, students and staff can share
information using wireless devices (e.g., laptops and personal
digital assistants) around the campus [17]. When a wireless
device temporarily loses connection, it can store the data and
complete the work after becoming connected later.

Simulations show that, by allowing a small percentage of
nodes to be disconnected (compared with requiring all nodes to
be connected), significant energy savings can be achieved [2],
[6]. As an example, Fig. 1 shows simulation results that com-
pare the transmission range that was required for all nodes to
be connected with the transmission range that was required for
95% of nodes to be connected in a network of n randomly in-
dependently uniformly distributed nodes in a unit square based
on a simple channel model, i.e., the unit disk communication
model, where two nodes can directly communicate with each
other iff their Euclidean distance is below a given threshold,
which is usually referred to as the transmission range1 [2], [3].
Then, comparable simulation results under the more-realistic
channel model in this paper will be provided in Section IV-A.
As shown in Fig. 1, when the number of nodes is 1000, the
transmission range that was required for 95% nodes to be con-
nected is 24% less than the transmission range that was required
for a connected network. Based on a conservative estimate that
the required transmission power increases with the square of the
required transmission range, this result yields energy savings
of at least 42%. In addition, the ratio decreases as the total
number of nodes n increases. As we will show in Section IV,
the ratio will go to zero when n → ∞. This result means that
the energy savings are even more significant in a network with
a larger number of nodes. Many real applications do not require
all nodes to be connected; thus, it is appropriate to consider
slightly relaxing the connectivity requirement, i.e., requiring
most nodes (e.g., 95%) to be connected rather than requiring
all nodes to be connected, to achieve significant savings in
power consumption. It then becomes important to investigate
the largest connected component that contains a nonvanishing
fraction of nodes, which is termed the giant component [6],
[19], [20]. A formal definition of the giant component will be
given in Section III.

1As we will later introduce in Section III, this channel model is a special case
of the more-realistic channel model in this paper.

In this paper, we analytically investigate the giant component
by employing the log-normal shadowing model [21] to see
how a weaker requirement on network connectivity can achieve
considerable reductions in the transmission power (i.e., energy
cost). In particular, we assume that a total of n nodes are
randomly independently uniformly distributed in a unit square
in �2 and that all nodes have the same transmission power.
Any two nodes are directly connected iff the power that was
received by one node from the other node, as determined by
the log-normal shadowing model, is larger than or equal to a
given threshold. In this paper, we have ignored the impact of
other more complicated factors (e.g., interference and network
traffic distribution) to focus on the main theme of this paper.
In addition, we consider only the energy that was consumed
on radio frequency transmissions [2], [6], [19], [22]. The node-
placement assumption is widely used by many researchers [2]–
[4], [7], [9], [12], [23]. The log-normal shadowing model is
chosen, because it can better capture the shadowing effects
and is more realistic than the unit disk communication model,
which has widely been used in the literature [6], [24]–[26].
The goal is to find an analytical upper bound on the minimum
transmission power that was required to have a giant component
of order above qn for any fixed q ∈ (0, 1) (see Theorem 1) and
an analytical lower bound on the minimum transmission power
that was required to have a connected network (see Theorem 2);
for both bounds, n must be large. Based on these two results, we
show that the minimum transmission power that was required
to have a giant component is vanishingly small compared with
the minimum transmission power that was required to have a
connected network as n → ∞ (Corollary 1). This result means
that significant energy savings can be achieved if we only
require most nodes (e.g., 95%) to be connected rather than
requiring all nodes to be connected, particularly in a network
with a large number of nodes. In addition, as a helpful by-
product, the interference can also be reduced by using a reduced
transmission power [27]. The results (e.g., Corollary 1) of this
paper, which were obtained under the log-normal shadowing
model, are also applicable for other channel models that satisfy
certain intuitively reasonable conditions. Details of this model
will be given in Section VII. To the best of our knowledge, our
results have not previously been reported.

The rest of this paper is organized as follows. Section II
briefly reviews related work. Section III describes the network
model and some basic concepts of graph theory that were
used in this paper. In Section IV, we present the main results
(Theorems 1 and 2 and Corollary 1) of this paper. In Section V,
we prove Theorem 1. In Section VI, we prove Theorem 2. In
Section VII, we consider extensions of the results for other
channel models. Finally, Section VIII concludes this paper and
discusses future research directions.

II. RELATED WORK

The concept of the giant component has extensively been
investigated in the literature for Bernoulli random graphs [28],
and an analytical formula that relates the giant component size
and the average node degree has been found [28], [29]. The
giant component size is defined as the ratio of the number of

Authorized licensed use limited to: UNIVERSITY OF SYDNEY. Downloaded on November 11, 2009 at 22:02 from IEEE Xplore.  Restrictions apply. 



5154 IEEE TRANSACTIONS ON VEHICULAR TECHNOLOGY, VOL. 58, NO. 9, NOVEMBER 2009

nodes in the giant component to the total number of nodes, and
the average node degree is the average number of neighbors of
an arbitrary node. However, it is well known that the Bernoulli
random graph is not suitable for modeling wireless multihop
networks; hence, it is inappropriate to directly apply the results
on the giant component from Bernoulli random graphs into
wireless multihop networks.

In contrast to the Bernoulli random graph, some more suit-
able models (e.g., geographical threshold graphs [30] and
geometric random graphs [2], [19]) were introduced and used
to study the giant component in wireless multihop networks.

In [30], Bradonjiæ et al. studied the giant component
based on the geographical threshold graph, where n nodes
are randomly uniformly distributed in a bounded area, and
the existence of a link between any two nodes is determined
by both the Euclidean distance between them and the node
weights that were assigned to them. The authors derived con-
ditions for the absence and existence of a giant component.
Németh et al. [31] empirically investigated the giant component
size by using a fractal propagation model where the probability
of having a link between two nodes is determined by their
Euclidean distance and two nonnegative constants. They found
that the giant component size can be characterized by a single
parameter, i.e., the average node degree.

Using the geometric random graph,2 Raghavan et al. [19]
proposed an empirical formula for the minimum transmission
range at which a 2-D wireless sensor network has a giant
component with a high probability and showed through sim-
ulations that the minimum transmission range is approximately
inversely proportional to

√
n. Using the same network model,

Santi et al. [2] empirically investigated the minimum trans-
mission range that ensures either a connected network or a
giant component that contains a large fraction (e.g., 90%) of
nodes with a high probability. The authors showed through
simulations that considerable reductions of the transmission
range (i.e., of the energy cost) can be achieved if we only
require a large percentage of nodes to be connected to a single
component. A similar conclusion can be found in [32]. In
[22], Rahnavard et al. applied the same network model and
proposed an energy-efficient two-phase broadcast scheme using
known results (i.e., critical node density for the occurrence
of a giant component) for the giant component in wireless
sensor networks. In the first phase, this scheme makes sure
that a giant component receives data packets, and in the sec-
ond phase, this scheme makes sure that all nodes receive the
data. The authors showed that this approach is more energy
efficient than requiring all nodes to receive the data in only one
phase.

In [6], Hekmat et al. employed a more-realistic channel
model, i.e., the log-normal shadowing model, to empirically
investigate the giant component size. The authors assumed
that a total of n nodes are randomly uniformly distributed
in a square and that a link exists between two nodes if the
power that was received at one node from the other node, as
determined by the log-normal shadowing model, is greater than

2A geometric random graph is typically formed by randomly uniformly
distributing n nodes in a bounded area (e.g., a unit square) and connecting any
two nodes iff their Euclidean distance is below a given threshold.

a given threshold. Based on the analytical results from Bernoulli
random graphs, the authors proposed an empirical formula that
relates the giant component size and the average node degree.
The authors also showed through simulations that significant
energy savings can be achieved by requiring that only a large
percentage of nodes are connected.

The results with regard to the giant component in [2], [6],
[19], and [32] are all obtained based on simulation studies.
In addition, [2], [19], and [32] study the giant component by
employing the aforementioned unit disk communication model.
The unit disk communication model is based on only the path-
loss phenomenon [21] and assumes that the received signal
strength at a receiving node from a transmitting node is only de-
termined by a deterministic function of the Euclidean distance
between the two nodes. However, in reality, the received signal
strength often shows probabilistic variations that were induced
by shadowing effects that are unavoidably caused by different
levels of clutter on the propagation path [21], [24]. To better
capture physical reality, one should consider the variations of
the received signal strength. It has been shown in [33] and
[34] that a more-accurate modeling of the physical layer is im-
portant for better understanding of wireless multihop network
characteristics. These observations motivate us to analytically
investigate the giant component by employing a more-realistic
channel model.

In this paper, we shall prove that the minimum transmission
power that was required to have a giant component of order
above qn (0 < q < 1) is vanishingly small compared with the
minimum transmission power that was required to have a con-
nected network as n → ∞ by using the log-normal shadowing
model, which is more realistic than the unit disk communication
model in [2] and [19].

III. PRELIMINARIES

A. Wireless-Channel Model

The wireless received signal strength Pr(duv) between any
two nodes u and v has popularly been modeled by a log-normal
shadowing model [21], [24], [35], i.e.,

Pr(duv) = Pt − PL0(d0) − 10α log10

duv

d0
+ Zσ (1)

where Pr(duv) is the received power at a receiving node v from
a transmitting node u (in decibel milliwatts), Pt is the trans-
mitted power of the transmitting node u (in decibel milliwatts),
duv is the Euclidean distance between nodes u and v, PL0(d0)
is the reference path loss (in decibels) at a reference distance
d0, α is the path-loss exponent that indicates the rate at which
the received signal strength decreases with distance, and Zσ is
a zero-mean Gaussian (normal) random variable (in decibels)
with standard deviation σ (also in decibels). The reference path
loss PL0(d0) is calculated using the free-space Friis equation
or is obtained through field measurements at distance d0 [21]. In
this paper, PL0(d0) and d0 are assumed to be known constants
[26], [36]. The value of α depends on the environment and
terrain structure and can vary between 2 in free space and 6 in
heavily built urban areas. The value of σ is usually larger than
zero and can be as high as 12 decibels [21].
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Fig. 2. Two channel models and resulting network topologies. r0 is the
transmission range in the absence of shadowing. (a) Unit disk communication
model. (b) Log-normal shadowing model.

In addition to the log-normal shadowing model, we will
make the following three assumptions in this paper, which are
commonly used by many researchers [6], [24], [25], [35], [37].

1) α remains constant in the network area.
2) The shadow-fading attenuations between all pairs of

nodes are independent identically distributed (i.i.d.), and
σ remains constant for all pairs of nodes.3

3) The paths are symmetric, i.e., the received power at node
v from node u is equal to the received power at node u
from node v.

For any two nodes u and v, there exists a wireless link between
them (or they are directly connected) iff the received power
Pr(duv) is not less than some given threshold Pth (also in
decibel milliwatts), i.e., Pr(duv) ≥ Pth [6], [21], [24]. Hence,
using (1), the probability that two random nodes u and v that
were separated by a known distance x are directly connected,
which is denoted as P(x), is given by

P(x) = Pr {Pr(x) ≥ Pth} =

∞∫
10α log10

x
r0

1√
2πσ

e−
z2

2σ2 dz (2)

where

r0 = d0 × 10
Pt−P L0(d0)−Pth

10α (3)

is the transmission range in the absence of shadowing (i.e.,
σ = 0). In this paper, we consider that all nodes have the
same transmission power Pt. It is clear that the shadowing-free
transmission range r0 is related to the transmission power Pt by
(3). Throughout this paper, we shall investigate the transmission
power Pt by investigating r0, given that Pth and α are fixed.

When σ = 0, there is no shadowing; the received power
Pr(duv) is then a deterministic function of the Euclidean
distance duv between u and v. The channel model reduces to
the unit disk communication model, where each node has a
circular transmission area. When σ > 0, the received power
Pr(duv) is determined by both the deterministic function of the
Euclidean distance duv between u and v and the shadowing.
The transmission area of each node is no longer a circular area.
Fig. 2 illustrates the two channel models and the corresponding

3Although field measurements in real applications seem to indicate that the
shadow fades between two links with a common node are correlated [35], this
i.i.d. assumption is generally considered appropriate for far-field transmissions
and is widely used in the literature [6], [24], [25], [35], [37].

network topologies. In this paper, our focus is on the more-
realistic log-normal shadowing model, because in real appli-
cations, σ is larger than zero.

B. Network Model

In general, a wireless multihop network can be represented
by an undirected graph G = (V,E) with a set of vertices
V = V (G) and a set of edges E = E(G). Each vertex of the
set V uniquely represents a node, each edge of the set E
uniquely represents a wireless link, and vice versa. The graph
G = (V,E) is then called the underlying graph of the network.
In the following discussion, we give a formal definition of the
underlying graph of the network. Denote this underlying graph
as G(Xn, r0, σ).

Definition 1: Let X1,X2, . . . , Xn be n points that are ran-
domly independently uniformly distributed in a unit square in
�2, and let Xn = {X1,X2, . . . , Xn}. The underlying graph
G(Xn, r0, σ) is an undirected graph with Xn as its vertex set
and an edge that connects each pair of vertices Xi and Xj in
Xn with probability P(‖Xi − Xj‖), where r0 is given by (3),
σ is the standard deviation of the shadowing in the log-normal
shadowing model, function P(·) is given by (2), and norm ‖ · ‖
refers to the Euclidean norm.

Remark: Although the network model in this paper is built
on a unit square, all results that were developed for a square of
unit size can easily be extended to a square of arbitrary size. In
fact, by a suitable space rescaling [20], [38], all the properties
in this paper can be reformulated [9], [20], [39].

C. Notation

This paragraph recalls some basic concepts from graph
theory [38], [40]. Two nodes are neighbors (or are directly
connected) iff they have a wireless link between each other. The
degree of a node u, which is denoted as d(u), is the number of
its neighbors. A node of degree zero is called an isolated node.
A graph is connected iff, for any pair of vertices, there is at least
one path between them. A component of a graph is a maximally
connected subgraph of the graph. The order of a component
is the total number of vertices in the component. The largest
component that contains a nonvanishing fraction of vertices is
called the giant component. In the following discussion, the
order of the giant component in a graph G is denoted by L(G).

Throughout this paper, we will use standard mathematical
notations [41] with regard to the following asymptotic behavior
of functions.

1) y(n) = o(g(n)) if limn→∞(y(n)/g(n)) = 0.
2) y(n) 	 g(n) or g(n) 
 y(n) if y(n) = o(g(n)).
3) y(n) ∼ g(n) if limn→∞(y(n)/g(n)) = 1.
4) An event ξn (depending on the value of n) is said to as-

ymptotically almost surely (a.a.s.) occur if its probability
tends to one as n → ∞.

Throughout this paper, let η be a constant given by η =
(log 10/10). Define an n-dependent integer set Jn as

Jn :=
{

j : j ∈ N,
⌊
n − 2n

3
4

⌋
≤ j ≤ n

}
(4)

where N represents the set of positive integers.
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IV. MAIN RESULTS

In this section, we present the main results, i.e., an asymp-
totic analytical upper bound on the minimum transmission
power for the giant component (see Theorem 1), an asymptotic
analytical lower bound on the minimum transmission power for
connectivity (see Theorem 2), and a comparison between the
minimum transmission power for giant component and the min-
imum transmission power for connectivity (see Corollary 1).
The proofs of Theorems 1 and 2 are deferred to the next two
sections, respectively. To avoid complexity in the derivation, we
will ignore the boundary effect that was caused by nodes that
are close to the boundary of the network area. In Section IV-A,
we will provide some simulation results to evaluate the impact
of the boundary effect.

Our main result for the upper bound on the minimum trans-
mission power for the giant component is given in the following
theorem.

Theorem 1: Consider G(Xn, r0, σ) in �2. Let q be any fixed
real number within (0, 1). Let c be any fixed real number. Let
f(n) be a function of n that satisfies

f(n) > 0, lim
n→∞ f(n) = ∞, lim

n→∞
f(n)
log n

= 0. (5)

Ignore the boundary effect. If πr2
0 exp((2η2σ2)/(α2)) =

((f(n) + c)/n), then

lim
n→∞Pr {L (G(Xn, r0, σ)) ≥ qn} = 1.

Theorem 1 says that, if r0 satisfies
πr2

0 exp((2η2σ2)/(α2)) = ((f(n) + c)/n), the network will
a.a.s. have a giant component of order above qn as n → ∞.
It provides an upper bound on the minimum transmission
power that was required to have a giant component of
order above qn. In [42], we have derived similar result with
regard to the upper bound in the nonshadowing case (i.e.,
σ = 0), which is πr2

0 = (f(n) + c/n). Hence, the difference
between the shadowing and the nonshadowing cases is that
there is no exponential term, i.e., exp((2η2σ2)/(α2)), in
the nonshadowing case. Notice that having a log-normal
shadowing model rather than a unit disk communication model
allows a reduction in the value of r0 for a fixed large n, i.e., the
random variation associated with the log-normal shadowing
model is helpful.

Remark: At first glance, the result in Theorem 1 appears
abnormal, because it suggests the probability of having a giant
component of order qn, because n → ∞ is independent of q.
Here, we offer the following intuitive explanation for the result.
It is well known that the width of the phase-transition region
from an almost-disconnected network to an almost-connected
network approaches zero as n → ∞ [43]. This case means
that, at large n, the probability of having a connected network
as a function of the transmission power is almost like a step
function such that, at a certain value of the transmission power
(termed the critical transmission power), a tiny variation in the
transmission power causes a large change in the probability.
The aforementioned result indicates that the same phenomenon
may also be observed for the probability of having a giant

component. Possibly, a refined set of conditions of f(n) in (5)
can allow for distinguishing the different values of q.

Our main result for the lower bound on the minimum
transmission power for connectivity is given in the following
theorem.

Theorem 2: Let Pd(Xn, r0, σ) denote the probability that
the graph G(Xn, r0, σ) in �2 is disconnected. Let c be
any fixed real number. Ignore the boundary effect. If
πr2

0 exp((2η2σ2)/(α2)) = ((log n + c)/n), then

lim inf
n→∞ Pd(Xn, r0, σ) ≥ 1 − exp(−e−c).

Observe that c < ∞, i.e., the lower bound given in the
aforementioned inequality is always positive, which implies
a nonzero probability of having a disconnected network
as n → ∞. Hence, to a.a.s. have a connected network,
r0 must at least satisfy the condition in Theorem 2, i.e.,
πr2

0 exp((2η2σ2)/(α2))=((log n+c)/n). Indeed, Theorem 2
provides a lower bound on the minimum transmission power
that was required to have a connected network. Theorem 2 turns
out to have a similar form to the widely cited result in [3] for
the nonshadowing case, i.e., πr2

0 = ((log n + c)/n). Note that
Theorem 2 has indirectly been derived in [24], [37], and [44]
for nodes that were distributed according to a homogeneous
Poisson point process.

Based on Theorems 1 and 2, we can obtain the following
important result.

Corollary 1: Let q be any fixed real number within (0, 1). Let
Rq be the critical value of r0 that was required to a.a.s. have a
giant component of order above qn and let R1 be the critical
value of r0 required to a.a.s. have a connected network. Ignore
the boundary effect. Then

lim
n→∞

Rq

R1
= 0.

Proof: Theorem 1 provides an upper bound on Rq, and
Theorem 2 provides a lower bound on R1. Hence, we have

lim
n→∞

Rq

R1
≤ lim

n→∞

√
f(n)+c

nπ exp
(

2η2σ2

α2

)
√

log n+c′

nπ exp
(

2η2σ2

α2

) = lim
n→∞

√
f(n) + c

log n + c′
= 0

where c and c′ are any fixed real numbers. �
The implication of the aforementioned result is that, when

n → ∞, the transmission power that was required to have
a giant component is vanishingly small compared with the
transmission power that was required to have a connected
network. Therefore, in a large-scale network, significant energy
savings can be achieved by requiring most nodes, instead of all
nodes, to be connected. Furthermore, in a network where almost
(but not) all nodes are connected, a large leap in transmission
power may be required to connect the remaining few nodes,
and the transmission power that was required for a large-scale
network to be connected is dominated by these few nodes, i.e.,
rare events. In many real applications, it is not worthwhile
to substantially increase the transmission power to connect
the remaining few nodes [2], and by only requiring a giant
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component, we can achieve significant energy savings and a
much longer lifetime of the network.

Remark: As mentioned in Section III-B, the results, i.e.,
Theorems 1 and 2 and Corollary 1, can easily be reformu-
lated by using the space-rescaling technique [20, Th. 9.17]. In
particular, Corollary 1 will still hold for a network that was
deployed on a square of arbitrary size without any change
in formation. According to [20, Th. 9.17], a network with n
randomly uniformly distributed nodes on a square of size

√
A ×√

A and with a shadowing-free transmission range R0 =
√

Ar0

has the same statistical connectivity property as a network with
n randomly uniformly distributed nodes on a unit square and
with a shadowing-free transmission range r0, i.e., the network
in this paper. The requirements on r0 can therefore be translated
into the requirements on R0 by the formula R0 =

√
Ar0. In

particular, in the network that was distributed on a square of
size

√
A ×√

A, the ratio between Rq and R1 (with the same
meaning as Rq and R1, respectively) is given by

Rq

R1
=

√
ARq√
AR1

=
Rq

R1
→ 0, as n → ∞.

A. Simulation Study

In this paper, we have ignored the boundary effect to avoid
complexity in the derivation. To evaluate the impact of the
boundary effect, we conducted a simulation study, considering
the boundary effect, to check the validity of Corollary 1,
which is the central contribution of this paper. In the following
discussion, we report the simulation results (with the boundary
effect), which compare r0.95 with r1 under the log-normal
shadowing model, where r0.95 is the minimum value of r0

that was required for 95% of nodes to be connected, and r1

is the minimum value of r0 that was required for all nodes
to be connected. We also compare these simulation results
with the result in Section I (see Fig. 1) under the unit disk
communication model.

Fig. 3(a) shows the average value of the ratio between
r0.95 and r1 when α = 2 and σ = 0, 1, and 3, where σ = 0
represents the unit disk communication model. As shown in
Fig. 3(a), the ratio is always smaller than one, and for fixed α
and σ, the ratio decreases as the total number of nodes n in-
creases in the presence of the boundary effect. There are several
further observations in Fig. 3(a). As explained in Section I, if
the path-loss exponent α increases, the energy savings will be
much greater. We can see that, for fixed α and n, the ratio for
a lower value of σ is larger than that for a higher value of σ,
which means that more reduction in transmission power (i.e.,
more energy savings) can be achieved for a higher value of σ.
The figure also indicates that, for fixed α and n, the variation of
the ratio with σ is not linear. This result should be expected. As
Theorems 1 and 2 show, for fixed n, r0 does not linearly depend
on σ but in proportion to exp((2η2σ2)/(α2)).

To further investigate the validity of Corollary 1, we also
present simulation results (with the boundary effect) obtained
with different shapes of the network area (e.g., rectangle and
circle). Fig. 3(b) shows the average value of the ratio between
r0.95 and r1 when α = 2 and σ = 3 for three different shapes of

Fig. 3. Simulation results with the Boundary effect. Average value of ratio
r0.95/r1. r0.95 refers to the minimum value of r0 that was required for 95%
of nodes to be connected. r1 refers to the minimum value of r0 that was
required for all nodes to be connected. The ratio is the average value, and each
average value is obtained over 2000 random topologies, in which a total of n
nodes are uniformly randomly distributed on a unit square, unit-area rectangle
2 × (1/2), or unit-area disc. (a) With boundary effects; unit square. α = 2.
(b) With boundary effects. σ = 3, and α = 2.

network area: 1) unit square; 2) unit-area rectangle 2 × (1/2);
and 3) unit-area disc. We can see that the difference between
them is marginal and can be ignored for n = 40 ∼ 6000.

Based on Fig. 3(a) and (b) and the aforementioned discus-
sion, we conjecture that Corollary 1 is also valid when taking
the boundary effect into account. In other words, the boundary
effect may only affect the convergence rate of Corollary 1 but
may not affect the conclusion of Corollary 1, i.e., (Rq/R1) → 0
as n → ∞.

V. PROOF OF THEOREM 1

In this section, we shall prove Theorem 1, which provides
an asymptotic analytical upper bound on the minimum trans-
mission power at which the probability of having a giant
component of order above qn tends to one as n → ∞, where
q is any fixed real number in (0, 1).

To derive the results, we will use Poissonization and de-
Poissonization techniques, considering that “Poissonization is
a key technique in geometric probability” [20, p. 18]. Let
{X1,X2,X3, . . .} be an infinite series of points that are ran-
domly independently uniformly distributed in a unit square in
�2. Given λ > 0, let Nλ be a Poisson random variable with
mean λ, independent of {X1,X2,X3, . . .}, and let

Pλ := {X1,X2, . . . , XNλ
} . (6)

Then, Pλ is the restriction to a unit square of a Poisson
point process with intensity λ in �2 [20]. The point process Pλ

has a spatial independence property; thus, it is easier to work
with the graph G(Pλ, r0, σ) rather than with G(Xn, r0, σ) [20],
where the graph G(Pλ, r0, σ) is obtained in the same way as
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in G(Xn, r0, σ), except that the vertex set is Pλ instead of Xn.
With Pλ and Xn being related, we shall start by proving results
about Pλ and then deduce results about Xn from these findings.
The first instance of this result occurs in Lemma 6.

We will frequently use the following lemmas in later
derivations.

Lemma 1 [3]: For any x ∈ [0, 1], we have

(1 − x) ≤ e−x.

Lemma 2: Suppose that Mn is a Poisson random variable
with an expected value E(Mn) = �n − n3/4�. Then

lim
n→∞Pr

{⌊
n − 2n

3
4

⌋
≤ Mn ≤ n

}
= 1.

Proof: Mn is a Poisson random variable with mean
E(Mn) = �n − n3/4�; thus, its variance, denoted as D2(Mn),
is also �n − n3/4�. By Chebyshev’s inequality, for any ε > 0,
we have

Pr {|Mn − E(Mn)| ≥ ε} ≤ D2(Mn)
ε2

.

Based on the aforementioned equation, we can obtain that

Pr {E(Mn) − ε ≤ Mn ≤ E(Mn) + ε} ≥ 1 − D2(Mn)
ε2

.

(7)

Now, let ε = �n3/4�. Substituting the value of E(Mn),
D2(Mn) and ε into (7), we have

Pr
{⌊

n − n
3
4

⌋
−
⌊
n

3
4

⌋
≤ Mn ≤

⌊
n − n

3
4

⌋
+
⌊
n

3
4

⌋}

≥ 1 −
⌊
n − n

3
4

⌋
⌊
n

3
4

⌋2 ∼ 1 − o(1), as n → ∞. (8)

For any two positive real numbers a and b, it is clear that

�a − b� ≤ �a� − �b�, �a� + �b� ≤ a + b.

Hence, we have⌊
n − 2n

3
4

⌋
=
⌊(

n − n
3
4

)
− n

3
4

⌋
≤
⌊
n − n

3
4

⌋
−
⌊
n

3
4

⌋
⌊
n − n

3
4

⌋
+
⌊
n

3
4

⌋
≤n − n

3
4 + n

3
4 =n.

Thus, we have

Pr
{⌊

n − n
3
4

⌋
−
⌊
n

3
4

⌋
≤ Mn ≤

⌊
n − n

3
4

⌋
+
⌊
n

3
4

⌋}
≤ Pr

{⌊
n − 2n

3
4

⌋
≤ Mn ≤ n

}
. (9)

By (8) and (9), the result follows. �
To prove Theorem 1, Lemmas 3−6 are needed. Lemma 6 is

used to prove Theorem 1, Lemma 3 is used to prove Lemma 4,
and Lemmas 4 and 5 are used to prove Lemma 6.

Lemma 3: Let P(Xn, r0, σ) be the probability that two
randomly selected nodes in G(Xn, r0, σ) in �2 are directly
connected. Assume that r0 	 1. Then

P(Xn, r0, σ) ∼ πr2
0 exp

(
2η2σ2

α2

)

where η = (log 10/10).
Proof: Let X be the random variable that represents the

Euclidean distance between any two randomly selected nodes
in G(Xn, r0, σ). Nodes are uniformly independently distributed
in a unit square; thus, the probability density function of X is
given by [45], [46]

pX(x) =

⎧⎨
⎩

2πx − 8x2 + 2x3, 0 ≤ x ≤ 1
2
√

x2 − 1 − x2+2
2

+ sin−1
(

1
x

)− cos−1
(

1
x

)
, 1 < x ≤ √

2.

Hence, based on (1) and (3), we have,

P(Xn, r0, σ)

= Pr
{

Zσ ≥ 10α log10

X

r0

}

=

∞∫
−∞

Pr
{

X ≤ r0 exp
(ηz

α

)} 1√
2πσ

e−
z2

2σ2 dz

=

∞∫
−∞

⎡
⎢⎣

min{1,r0 exp( ηz
α )}∫

0

pX(x)dx

⎤
⎥⎦ 1√

2πσ
e−

z2

2σ2 dz

+

∞∫
−∞

⎡
⎢⎢⎣

min{√2,r0 exp( ηz
α )}∫

min{1,r0 exp( ηz
α )}

pX(x)dx

⎤
⎥⎥⎦ 1√

2πσ
e−

z2

2σ2 dz.

Because r0 	 1, we have min{1, r0 exp(ηz/α)} =
r0 exp(ηz/α) and min{√2, r0 exp(ηz/α)} = r0(ηz/α) for
all sufficiently small r0. Therefore, we have

P(Xn, r0, σ)

∼
∞∫

−∞

⎡
⎢⎣

r0e
ηz
α∫

0

(2πx − 8x2 + 2x3)dx

⎤
⎥⎦ 1√

2πσ
e−

z2

2σ2 dz

= πr2
0 exp

(
2η2σ2

α2

)
− 8

3
r3
0 exp

(
9η2σ2

2α2

)

+
1
2
r4
0 exp

(
8η2σ2

α2

)

= πr2
0 exp

(
2η2σ2

α2

)
(1 + o(1)) .

The result follows. �
Lemma 4: Let j be any integer that satisfies �n − 2n3/4� ≤

j ≤ n. Let I(j, r0, σ) be the number of isolated vertices in
graph G(Xj , r0, σ) in �2. Let q be any fixed real number
within (0, 1), and let c be any fixed real number. Let f(n) be
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a function of n that satisfies (5). Ignore the boundary effect. If
πr2

0 exp((2η2σ2)/(α2)) = ((f(n) + c)/n), then

lim
n→∞Pr {I(j, r0, σ) ≥ j − qn + 1} = 0.

Proof: In this paper, we assume that links between nodes
are independent of each other [3], [24], [37] (see earlier as-
sumptions in Section III-A). Therefore, ignoring the boundary
effect and using Lemma 3, the probability that an arbitrary
node in G(Xj , r0, σ) is isolated, which is denoted by Piso(j), is
given by

Piso(j) ∼ [1 − P(Xj , r0, σ)]j−1

∼
[
1 − πr2

0 exp
(

2η2σ2

α2

)]j−1

.

Let E(I(j, r0, σ)) denote the expected value of I(j, r0, σ).
By the Palm theory [20, Th. 1.6], we have

E (I(j, r0, σ)) = j × Piso(j)

= j ×
[
1 − πr2

0 exp
(

2η2σ2

α2

)]j−1

.

By Lemma 1, we have

E (I(j, r0, σ))≤j×e
−(j−1)πr2

0 exp

(
2η2σ2

α2

)
=j×

(
e−c

ef(n)

)j−1
n

.

Because �n − 2n3/4� ≤ j ≤ n, we have (j − 1/n) → 1 and
(j/j − qn + 1) → (1/1 − q) as n → ∞ and (j − qn + 1) > 0
for all sufficiently large n. Hence, by the Markov inequality, it
follows that

Pr {I(j, r0, σ) ≥ j − qn + 1} ≤ E (I(j, r0, σ))
j − qn + 1

≤ j

j − qn + 1

(
e−c

ef(n)

) j−1
n

= o(1), as n → ∞.

Therefore, the result immediately follows. �
The previous lemmas applied to graphs that were associated

with uniform distribution of nodes. Now, we obtain two results
that apply when there is Poisson distribution.

Lemma 5: Consider G(Pm(n), r0, σ) in �2, where m(n) =
�n − n3/4�. Let K(Pm(n), r0, σ) be the number of vertices
in all components, which are neither isolated vertices nor the
largest component. Let f(n) be a function of n that satisfies
(5). If πr2

0 exp((2η2σ2)/(α2)) = ((f(n) + c)/n), then

lim
n→∞Pr

{
K(Pm(n), r0, σ) > 0

}
= 0.

Proof: To prove the result, we make use of some results
that were derived for the Poisson random-connection model
in continuum percolation [38]. Let Hλ denote a homogeneous
Poisson point process of intensity λ > 0 in �2. For s > 0,
define B(s) to be a square of size s × s that was centered at
the origin, i.e., B(s) := [−s/2, s/2]2, and define Hλ,s to be the
restriction of the homogeneous Poisson point process Hλ to the

square B(s), i.e., Hλ,s := Hλ ∩ B(s). It is also assumed that
there is always a point at the origin.4 In �2, the Poisson random-
connection model, which is denoted as G(Hλ,s, g), is a random
graph with vertex set Hλ,s and connection function g. The con-
nection function g is a function mapping from the positive reals
into [0, 1], and any two vertices x1 and x2 of the point process
Hλ,s are directly connected with probability g(‖x1 − x2‖),
where ‖ · ‖ denotes the Euclidean distance. The connection
function g also has to satisfy the following conditions:⎧⎨

⎩
g(x) = g(y) whenever x = y
g(x) ≤ g(y) whenever x ≥ y
0 <

∫
�2 g(x)dx < ∞.

(10)

The first restriction indicates that the propagation path is
symmetric, the second restriction indicates that g(x) must
be a nonincreasing function of the distance x, and the third
restriction avoids two trivial cases, i.e.,

∫
�2 g(x)dx = 0 and ∞.

The two cases are not interesting, because in the first case, all
nodes are isolated, and in the second case, all nodes are directly
connected to each other [37], [38], [48], [49].

It has been proven that G(Hλ,s, g) has at most one infinite-
order component for each λ ≥ 0 [38, Th. 6.3]. In addition,
when g satisfies (10), as λ → ∞, a.a.s., the origin in the graph
G(Hλ,s, g) either belongs to an infinite-order component or is
isolated [38, Th. 6.4]. The implication of the aforementioned
results is that, as λ → ∞, the graph G(Hλ,s, g) a.a.s. only
consists of a unique infinite-order component and a number of
isolated vertices.

Let s = (1/r0), λ = m(n)r2
0 , and let

g(x) =

∞∫
10α log10(x)

1√
2πσ

e−
z2

2σ2 dz.

It is clear that the graph G(Hm(n)r2
0 ,(1/r0), g) is a Poisson

random-connection model with vertex set Hm(n)r2
0 ,(1/r0) and

connection function g(x). In addition, g(x) satisfies the condi-
tions in (10). Because m(n) = �n − n3/4�, (�n − n3/4�/n) →
1 as n → ∞. Therefore

λ = m(n)r2
0 ∼ f(n) + c

π exp
(

2η2σ2

α2

) → ∞ as n → ∞.

Hence, as n → ∞, the graph G(Hm(n)r2
0 ,(1/r0), g) a.a.s. only

consists of isolated vertices and an infinite-order component.
By space rescaling under the mapping x �→ (1/r0)x [20,

Th. 9.17], it can be shown that the graph G(Hm(n)r2
0 ,(1/r0),

g(x)) is similar to G(Hm(n),1, g(x/r0)), which means
that they have the same statistical connectivity property.
Therefore, the result (e.g., Pd(Pm(n), r0, σ)) for the graph
G(Hm(n)r2

0 ,(1/r0), g(x)) also applies for G(Hm(n),1, g(x/r0)).
P(x) = g(x/r0), and Pm(n) = Hm(n),1; thus, the graph
G(Pm(n), r0, σ) is the same as G(Hm(n),1, g(x/r0)) by

4Note that the distribution of points in a Poisson process does not depend
on the assumption of the existence of a point at the origin (see Slivnyak’s
theorem [47]).
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definition. Hence, as n → ∞, the graph G(Pm(n), r0, σ) a.a.s.
only consists of isolated vertices and an infinite-order compo-
nent. Hence, Pr{K(Pm(n), r0, σ) > 0} → 0 as n → ∞. �

Lemma 6: Consider G(Pm(n), r0, σ) in �2, where m(n) =
�n − n3/4�. Let q be any fixed real number within (0,
1). Let c be any fixed real number. Let f(n) be a func-
tion of n that satisfies (5). Ignore the boundary effect. If
πr2

0 exp((2η2σ2)/(α2)) = ((f(n) + c)/n), then

lim
n→∞Pr

{
L
(
G
(Pm(n), r0, σ

)) ≥ qn
}

= 1.

Proof: Let Nm(n) be the number of points of Pm(n). Let
K(Pm(n), r0, σ) denote the number of vertices in all com-
ponents, which are neither isolated vertices nor the largest
component in G(Pm(n), r0, σ). Let I(Pm(n), r0, σ) denote
the number of isolated vertices in G(Pm(n), r0, σ). It is
clear that Nm(n) = L(G(Pm(n), r0, σ)) + I(Pm(n), r0, σ) +
K(Pm(n), r0, σ). Hence, by Lemma 5, we have

Pr
{
L
(
G
(Pm(n), r0, σ

))
<qn

}
= Pr

{
Nm(n)−I

(Pm(n), r0, σ
)−K

(Pm(n), r0, σ
)
<qn

}
= Pr

{
I
(Pm(n), r0, σ

)
>Nm(n)−qn

}
+o(1)

as n → ∞. (11)

Define I(j, r0, σ) as the number of isolated vertices in
G(Xj , r0, σ), with j ≥ 0. Then, we relate the uniform and
Poisson distribution models in the next calculation. By (11) and
Lemma 2, it can be obtained that as n → ∞

Pr
{
L
(
G
(Pm(n), r0, σ

))
< qn

}
= Pr

{
I
(Pm(n), r0, σ

)
> Nm(n) − qn

}
+ o(1)

=
∞∑

j=0

(m(n))j

j!
e−m(n) Pr {I(j, r0, σ) > j − qn} + o(1)

=
∑
j∈Jn

(m(n))j

j!
e−m(n) Pr {I(j, r0, σ) > j − qn} + o(1)

(12)

where Jn is an integer set that was defined by (4).
By Lemma 4, it can be shown that, for any integer j that

satisfies j ∈ Jn

Pr {I(j, r0, σ) > j − qn} = o(1), as n → ∞. (13)

Substituting (13) into (12), we have

Pr
{
L
(
G
(Pm(n), r0, σ

))
< qn

}
= o(1), as n → ∞.

Hence, the result immediately follows. �
Now, we can prove Theorem 1 by de-Poissonizing Lemma 6.

Proof of Theorem 1: Let m(n) = �n − n3/4�. Define
Y (Pm(n), r0, σ) and Y (Xn, r0, σ) as

Y (Pm(n), r0, σ) := Pr
{
L
(
G
(Pm(n), r0, σ

))
< qn

}
Y (Xn, r0, σ) := Pr {L (G(Xn, r0, σ)) < qn} .

Because m(n) = �n − n3/4�, we have Y (Pm(n), r0, σ) → 0
as n → ∞ by Lemma 6. Evidently, we need to show that
Y (Xn, r0, σ) → 0 as n → ∞.

By Lemma 2, we have

Y
(Pm(n), r0, σ

)

=
∞∑

j=0

(m(n))j

j!
e−m(n)Y (Xj , r0, σ)

=
∑
j∈Jn

(m(n))j

j!
e−m(n)Y (Xj , r0, σ)+o(1), as n→∞.

(14)

Let E(Xn,Xj) denote the event that all nodes in (Xn \ Xj)
are isolated in G(Xn, r0, σ). Then, for fixed r0, σ, α, any fixed
q ∈ (0, 1), and any j ∈ Jn, it can be obtained that

Y (Xn, r0, σ)

≤ Pr {E(Xn,Xj)} + Y (Xj , r0, σ)

∼
[[

1 − πr2
0 exp

(
2η2σ2

α2

)]n−1
]n−j

+ Y (Xj , r0, σ)

≤
(

e−c

ef(n)

)n−j

+ Y (Xj , r0, σ)

= o(1) + Y (Xj , r0, σ), as n → ∞. (15)

In the aforementioned derivation, Lemma 3 is used from the
second to the third lines, and Lemma 1 is used from the third
to the fourth lines. Substituting (15) into (14), it can be ob-
tained that

Y
(Pm(n), r0, σ

)

≥
∑
j∈Jn

(m(n))j

j!
e−m(n) (Y (Xn, r0, σ) − o(1)) + o(1)

= Y (Xn, r0, σ)
∑
j∈Jn

(m(n))j

j!
e−m(n) + o(1)

= Y (Xn, r0, σ) + o(1), as n → ∞. (16)

Because Y (Pm(n), r0, σ) = o(1) as n → ∞ by Lemma 6,
according to (16), we have

o(1) ≥ Y (Xn, r0, σ) + o(1), as n → ∞

which yields

Pr {L (G(Xn, r0, σ)) ≥ qn} = 1 − Y (Xn, r0, σ)

= 1 − o(1), as n → ∞.

The results immediately follow. �
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VI. PROOF OF THEOREM 2

In this section, we will prove Theorem 2, which provides
an asymptotic analytical lower bound on the minimum trans-
mission power at which the probability of having a connected
network asymptotically tends to one as n → ∞. We first present
Lemma 7, which will be used to prove Theorem 2.

Lemma 7: Let Piso(Xn, r0, σ) denote the probability that
an arbitrary node in G(Xn, r0, σ) in �2 is isolated. Let c
be any fixed real number. Ignore the boundary effect. If
πr2

0 exp((2η2σ2)/(α2)) = (log n + c/n), then

Piso(Xn, r0, σ) ∼ e−c

n
, as n → ∞.

Proof: As shown in the proof of Lemma 4, ignoring the
boundary effect and using Lemma 3, we have

Piso(Xn, r0, σ) ∼ [1 − P(Xn, r0, σ)]n−1

∼
[
1 − πr2

0 exp
(

2η2σ2

α2

)]n−1

.

Because πr2
0 exp((2η2σ2) / (α2)) = ((log n + c)/n) =

((log n + c)/n) → 0 as n → ∞, it can be obtained that

PisoXn, r0, σ) ∼
[
1 − log n + c

n

]n−1

∼ e−(log n+c) =
e−c

n
, as n → ∞.

�
Now, we can prove Theorem 2 based on Lemma 7.

Proof of Theorem 2: Let I(Xn, r0, σ) denote the number
of isolated nodes in G(Xn, r0, σ). It is clear that the probability
that the network is disconnected is larger than or equal to the
probability that the network has at least one isolated node, i.e.,

Pd(Xn, r0, σ) ≥ Pr {I(Xn, r0, σ) ≥ 1}
= 1 − Pr {I(Xn, r0, σ) = 0} . (17)

Because n 
 1 and r0 	 1, the event that a randomly se-
lected node has i neighbors can be regarded almost indepen-
dent of the event that another randomly selected node has j
neighbors [5], [7], [9], [24], [37], [48], [50]. This independence
assumption is based on the Palm theory [20, Th. 1.6], which
captures a form of spatial ergodicity property that relates the
probabilities that a given node has a certain degree. It has
also been shown in [7], [24], and [50] that this independence
assumption has provided a satisfactory level of approximation
with large-enough n. Hence, ignoring the boundary effect and
using Lemma 7, we have

Pr {I(Xn, r0, σ) = 0} = (1 − Piso(Xn, r0, σ))n

∼
(

1 − e−c

n

)n

∼ exp(−e−c), as n → ∞. (18)

By (17) and (18), the result follows. �

VII. ARBITRARY CHANNEL MODELS

All our results in this paper are derived under the log-normal
shadowing model. In addition to this wireless channel model
and the unit disk communication model (obtainable by setting
σ = 0 in the log-normal shadowing model), there also are other
wireless channel models in the literature [21]. The derivation
and analysis in this paper provide an efficient roadmap for
extending these results to other channel models. In this section,
we will explain this roadmap and how we can extend the results
in this paper for other channel models.

We assume that the node distribution is the same (i.e., the
vertex set is still Xn) but that the wireless channel model is re-
placed by another channel model. Assume that h(x) is the con-
nection function that is associated with the new channel model,
where h(x) is a function of x mapping from positive reals into
[0, 1], and x is the Euclidean distance between two nodes.
Hence, any two nodes that were separated by a known distance
x are directly connected with probability h(x). In addition, as-
sume that H is the probability that two randomly selected nodes
in the network are directly connected. It is clear that H can be
derived based on h(x) and the node distribution. Different chan-
nel models will lead to different h(x) and H . As an example,
for the log-normal shadowing model, h(x) is given by (2), and
H is given by Lemma 3. If h(x) satisfies the conditions given
by (10), we can then obtain similar results comparable with the
results (i.e., Theorems 1 and 2 and Corollary 1) in this paper in
the same way as shown in Sections V and VI. The following dis-
cussion shows an example that is comparable with Theorem 1.

Example 1: Let L(Xn, h) denote the order of the largest
component in the graph G(Xn, h), where h = h(x) is the con-
nection function that satisfies (10). Let H denote the probability
that two randomly selected nodes in the graph G(Xn, h) are
directly connected. Let q be any fixed real number within (0, 1).
Let c be any fixed real number. Let f(n) be a function of n
that satisfies (5). Ignore the boundary effect. If H = ((f(n) +
c)/n), then

lim
n→∞Pr {L (G(Xn, h)) ≥ qn} = 1.

Based on the aforementioned analysis, we can obtain the
following conclusion with regard to the ratio of the minimum
transmission power that was required to have a giant component
of order above qn (q ∈ (0, 1)) to the minimum transmission
power that was required to have a connected network; different
channel models may result in different quantitative changes
in the ratio but do not change the qualitative nature of the
ratio, i.e., the ratio will tend to zero as n → ∞, although
the speed of the decrease may slightly change under different
channel models. In other words, the transmission power that
was required to have a giant component of order above qn
is vanishingly small compared with the transmission power
that was required to have a connected network for all channel
models that satisfy the conditions given by (10).

Remark: The key ingredient for such an extension is that
the connection function h(x) associated with the new channel
model must satisfy the rotational symmetry, monotonicity, and
integral boundedness conditions given by (10).
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VIII. CONCLUSION

In this paper, we have investigated the giant component in
2-D wireless multihop networks by employing the log-normal
shadowing channel model, which is more realistic than the unit
disk communication model that was used in previous papers.
We have derived an asymptotic analytical upper bound on the
minimum transmission power to have a giant component of
order above qn (see Theorem 1) and have also derived an
asymptotic analytical lower bound on the minimum transmis-
sion power to have a connected network (see Theorem 2).
Based on these two results, we have further shown that the
minimum transmission power that was required to have a giant
component of order above qn is vanishingly small compared
with the minimum transmission power that was required to have
a connected network (see Corollary 1). This result means that
significant energy savings can be achieved if we require only
most nodes (e.g., 95%) to be connected to the giant component
rather than requiring all nodes to be connected, particularly for
a large-scale network. We have also provided a roadmap for
extending our results, which we have obtained under the log-
normal shadowing model, to other wireless channel models.

There are several directions for future work. First, we will
investigate the giant component problem by taking into account
the boundary effect, which has been ignored in this paper to
avoid complexity in the analysis. Second, our results are derived
for asymptotically infinite n, and one will also be interested in
the results for small values of n for practical purposes; thus, it
is also important to investigate this problem for small values of
n. Last, all the results are derived for static networks; it will
also be of interest and is important to analyze the problems for
mobile networks.
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[30] M. Bradonjić, A. Hagberg, and A. G. Percus, “Giant component and con-
nectivity in geographical threshold graphs,” in Proc. Algorithms Models
Web-Graph WAW, San Diego, CA, Dec. 2007, pp. 209–216.

[31] G. Németh and G. Vattay, “Giant clusters in random ad hoc networks,”
Phys. Rev. E: Stat. Phys. Plasmas Fluids Relat. Interdiscip. Top., vol. 67,
no. 3, p. 036 110, Mar. 2003.

[32] P. Santi and D. M. Blough, “An evaluation of connectivity in mobile
wireless ad hoc networks,” in Proc. Int. Conf. Dependable Syst. Netw.,
2002, pp. 89–102.

[33] M. Zorzi and S. Pupolin, “Optimum transmission ranges in multihop
packet radio networks in the presence of fading,” IEEE Trans. Commun.,
vol. 43, no. 7, pp. 2201–2205, Jul. 1995.

[34] M. Takai, J. Martin, and R. Bagrodia, “Effects of wireless physical-
layer modeling in mobile ad hoc networks,” in Proc. ACM Int. Symp.
Mobile Ad Hoc Netw. Comput. MobiHoc, Long Beach, CA, Oct. 2001,
pp. 87–94.

[35] S. Mukherjee and D. Avidor, “Connectivity and transmit-energy consider-
ations between any pair of nodes in a wireless ad hoc network subject

Authorized licensed use limited to: UNIVERSITY OF SYDNEY. Downloaded on November 11, 2009 at 22:02 from IEEE Xplore.  Restrictions apply. 



TA et al.: GIANT COMPONENT OF WIRELESS MULTIHOP NETWORKS IN PRESENCE OF SHADOWING 5163

to fading,” IEEE Trans. Veh. Technol., vol. 57, no. 2, pp. 1226–1242,
Mar. 2008.

[36] G. Mao, B. Anderson, and B. Fidan, “Path loss exponent estimation for
wireless sensor network localization,” Comput. Netw., vol. 51, no. 10,
pp. 2467–2483, Jul. 2007.

[37] D. Miorandi, E. Altman, and G. Alfano, “The impact of channel random-
ness on coverage and connectivity of ad hoc and sensor networks,” IEEE
Trans. Wireless Commun., vol. 7, no. 3, pp. 1062–1072, Mar. 2008.

[38] R. Meester and R. Roy, Continuum Percolation. Cambridge, U.K.:
Cambridge Univ. Press, 1996.

[39] X. Ta, G. Mao, and B. D. O. Anderson, “On the phase transition width
of k-connectivity in wireless multihop networks,” IEEE Trans. Mobile
Comput., vol. 8, no. 7, pp. 936–949, Jul. 2009.

[40] F. Buckley and M. Lewinter, A Friendly Introduction to Graph Theory,
1st ed. Upper Saddle River, NJ: Pearson Educ., 2003.

[41] N. G. D. Bruijn, Asymptotic Methods in Analysis, 2nd ed. New York:
Dover, 1981.

[42] X. Ta, G. Mao, and B. D. O. Anderson, “On the properties of giant
component in wireless multihop networks,” in Proc. 28th IEEE Infocom,
Rio de Janeiro, Brazil, Apr. 2009.

[43] G. Han and A. Makowski, “Poisson convergence can yield very sharp
transitions in geometric random graphs,” in Proc. Inaugural Workshop,
Inf. Theory, Appl., San Diego, CA, Feb. 2006.

[44] J. Orriss and S. K. Barton, “Probability distributions for the number of
radio transceivers which can communicate with one another,” IEEE Trans.
Commun., vol. 51, no. 4, pp. 676–681, Apr. 2003.

[45] L. E. Miller, “Distribution of link distances in a wireless network,” J. Res.
Nat. Inst. Standards Technol., vol. 106, no. 2, pp. 401–412, Mar. 2001.

[46] B. Ghosh, “Random distances within a rectangle and between two
rectangles,” Bull. Calcutta Math. Soc., vol. 43, pp. 17–24, 1951.

[47] D. Stoyan, W. S. Kendall, and J. Meeke, Stochastic Geometry and Its
Applications, 2nd ed. New York: Wiley, 1995.

[48] D. Miorandi and E. Altman, “Coverage and connectivity of ad hoc net-
works in the presence of channel randomness,” in Proc. IEEE Infocom,
Trento, Italy, 2005, vol. 1, pp. 491–502.

[49] M. Franceschetti, L. Booth, M. Cook, R. Meester, and J. Bruck, “Con-
tinuum percolation with unreliable and spread-out connections,” J. Stat.
Phys., vol. 118, no. 3/4, pp. 721–734, Feb. 2005.

[50] C. Bettstetter and J. Zangl, “How to achieve a connected ad hoc network
with homogeneous range asignment: An analytical study with consid-
eration of border effects,” in Proc. 4th IEEE Int. Conf. MWCN, 2002,
pp. 125–129.

Xiaoyuan Ta (S’09) received the B.Sc. degree in
physics in 2003 from Peking University, Beijing,
China, and the M.Eng. degree in telecommunications
in 2005 from the University of Sydney, Sydney,
NSW, Australia, where he is currently pursuing the
Ph.D. degree in telecommunications.

He is also with the Sydney Research Laboratory,
National ICT Australia. His research interests in-
clude wireless multihop networks, graph theory, and
its application in networking, wireless localization
techniques, and network quality of service.

Guoqiang Mao (SM’08) received the B.Eng. degree
in electrical engineering from Hubei University of
Technology, Wuhan, China, in 1995, the M.Eng.
degree in electrical engineering from South East
University, Nanjing, China, in 1998, and the Ph.D.
degree in electrical engineering from Edith Cowan
University, Perth, Australia, in 2002.

In December 2002, he joined the School of Elec-
trical and Information Engineering, University of
Sydney, Sydney, NSW, Australia, where he is cur-
rently a Senior Lecturer. He has published more than

50 papers in prestigious journals and refereed conference proceedings. His
research interests include wireless localization techniques, wireless multihop
networks, and graph theory and its applications in networking, telecommuni-
cations traffic measurement, analysis and modeling, and network performance
analysis.

Dr. Mao has been a Member of Program Committee for a number of
international conferences and was a Publicity Cochair of the 2007 ACM
Conference on Embedded Networked Sensor Systems. He was listed in the 25th
Marquis Who’s Who in the World in 2008 and in the Ninth and Tenth Marquis
Who’s Who in Science and Engineering in 2007 and 2008, respectively, for his
exceptional achievements in science and engineering.

Brian D. O. Anderson (S’62–M’66–SM’74–F’75–
LF’07) was born in Sydney, NSW, Australia. He
received the B.Sc. degree in pure mathematics and
the B.Eng. degree in electrical engineering from the
University of Sydney, the Ph.D. degree in electri-
cal engineering from Stanford University, Stanford,
CA; and the honorary Ph.D. degree (honoris causa)
from the Université Catholique de Louvain, Louvain
le Neuve, Belgium; the Swiss Federal Institute of
Technology, Zürich, Switzerland; the University of
Sydney; the University of Melbourne, Melbourne,

VIC, Australia; the University of New South Wales, Sydney; and the University
of Newcastle, Callaghan, NSW, Australia.

He was with Silicon Valley and was a Faculty Member with the Department
of Electrical Engineering, Stanford University. From 1967 to 1981, he was a
Professor of electrical engineering with the University of Newcastle. He is
currently a distinguished Professor with the Australian National University,
Canberra, ACT, Australia, and a distinguished Researcher with the Canberra
Research Laboratory, National ICT Australia. His research interests include
control and signal processing.

Dr. Anderson is a Fellow of the Royal Society of London, the Australian
Academy of Science, and the Australian Academy of Technological Sciences
and Engineering. He is also an Honorary Fellow of the Institution of Engi-
neers, Australia, and a Foreign Associate of the U.S. National Academy of
Engineering. From 1990 to 1993, he was the President of the International
Federation of Automatic Control. From 1998 to 2002, he was the President
of the Australian Academy of Science. He received the 1997 IEEE Control
Systems Award, the 2001 IEEE James H Mulligan, Jr. Education Medal, the
Guillemin−Cauer Award from the IEEE Circuits and Systems Society in 1992
and 2001, the Bode Prize from the IEEE Control System Society in 1992, and
the Senior Prize from the IEEE TRANSACTIONS ON ACOUSTICS, SPEECH,
AND SIGNAL PROCESSING in 1986.

Authorized licensed use limited to: UNIVERSITY OF SYDNEY. Downloaded on November 11, 2009 at 22:02 from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues false
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


