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Abstract—Most existing work on multicast capacity of large bound is asymptotically equal to the broadcast capacity [13].
homogeneous networks is based on a simple model for wirelessFyrther, [22] studies the multicast capacity for the case where
channel, namely the Protocol Model [12], [19], [22]. In this paper, the number of sources is¢ (0 < ¢ < 1) and the number of

we exploit a local capacity tool calledarenawhich we introduced t inals isnl—¢ f h lticast . then it that
recently in order to render multicast accessible to analysis also erminais I1sn or each muflicast session, then it proves tha

under more realistic, and notably less pessimistic channel models. A,, = © (W/n¢/log(n) ). We point out that these papers
Through the present study we find three regimes of the multicast haye used the simple Protocol Model (see Section IIl) for

capacity (\n,) for a homogeneous network depending on the ratio . . . . . .
of terminals among the nodes of the network. We note that modeling the wireless channel in their analysis. In this paper,

the upper bounds we establish under the more realistic channel We study the mu_lticaSt capacity using other channel models

assumptions are only,/log(n) larger than the existing bounds. Such as the Physical Models; these more advanced models are

Further, we propose a multicast routing and time scheduling considered to be more realistic and accurate.

scheme to achieve the computed asymptotic bound over all _ A _

channel models except the simple Protocol Model. To this end, We prove}j that we have\, = Q(W Wk) Whenk -

we employ percolation theory among other analytical tools. O(n/log(n)*) for all models found in the literature, with one
Finally, we compute the multicast capacity of large mobile exception: for the simple Protocol Model. The reason that we

wireless networks. Comparing the result to the static case reveals find different bounds here is that the simple Protocol Model

tha:)_lmoblh_tydlncreases t{}‘e multicast C?]pac'ty- bHOV\;ever, _ thf makes pessimistic assumptions on interference when compared

mobility gain decreases when increasing the number of terminals ., e gther channel models. A similar situation has been found

in a fixed size mobile network. for the unicast capacity and transport capacity [5], [14].
|. INTRODUCTION Furthermore, we prove that for all channel models, when

There has been a growing interest to understand the fundéta= (n/log(n)) then\,, = ©(W). This is a generalization
mental capacity limits of wireless networks [5], [8], [9], [13],to the result of previous work [19] that was proved based
[14], [18], [19], [25]. Results on network capacity are noon the simple Protocol Model. Note that the use of novel
only important from a theoretical point of view but may alséechniques were required to achieve this extension. Particu-
inform protocol design and architecture of wireless network&rly, we uselocal capacitytechniques which we introduced
In this paper, we study the capacity of wireless networks feery recently in [14] to provide upper bounds on the multicast
multicastapplications. We focus olarge homogeneous wire- capacity; these techniques are useful in other contexts too.
less networksvhich is a popular model in network capacity As the first and the second contributions of this paper, we
papers. To set notation, we assum@odes { — oo) in the provide asymptotic bounds on the multicast capacity. First,
network and multiple multicast sessions where each sessiga find two novel upper bounds on the multicast capacity.
has a source and — 1 terminals. Also, we assum@ndom These bounds are different than the computed bounds in
traffic among the nodes, that means the source and terminalg@f recent papers [12], [19], [22]. Combining these bounds
each multicast session are selected uniformly random amgsigvides a tight upper bound on the multicast capacity with
the nodes. For the above topology and traffic pattern, we defiiee asymptotic regimes in terms bfand n. Second, we
the multicast capacity\,,) as the maximum rate of generatiorintroduce some multicast routing schemes and MAC layer time
of multicast bits such that all bits can be delivered to thegcheduling for achieving a multicast throughput within a con-
terminals successfully in a limited time, almost surely (a.sstant factor of the computed upper bounds. Interestingly, we
asn — oo. apply some results frorpercolation theoryand connectivity

Multicast capacity of planar large homogeneous networl$ large homogeneous networl prove the achievability in
has been studied in several papers [12], [19], [22]. Veﬂﬁferent asymptotic regimes_
recently, [19] computes asymptotic bounds on the multicastag the third contribution, we study the multicast capacity
capacity showing that,, = © (W\/W) when  of large mobile wireless networks. We prove that the multicast
k= 0(n/log(n)), and, = O(W) whenk = Q(n/log(n)), capacity isS©(Wn/k); this implies that mobility can increase
whereW is the wireless channel capacity; note that the lattéie multicast capacity by at least factor@f./n/k). Also, it



demonstrates that the mobility gain reduces when increasiiog unicast and multicast applications in arbitrary wireless net-
the number of terminals in a fixed mobile network. In particworks under all classical channel models [14]. We employed
ular case wheré: = n which represents broadcast, mobilitya hew analytical tool callettansmission arenao bound the
does not change the capacity asymptotically. capacity of wireless networks. In this paper we apply this
The paper is organized as follows. In Section Il, we sunteol and some of analytical results of [14] to upper bound
marize related work on the network capacity. We introdudbe multicast capacity.
the network models and basic notations in Section lll. In It should also be mentioned that there exists work on the
Section IV and Section V, we compute novel upper bounds ahtbadcast capacityf wireless networks [13], [15], [24], [27].
lower bounds for the multicast capacity. We compute multicaShe recent papers prove that the broadcast capadiylig) in
capacity of large mobile networks in Section VI. Finally, wéwell-connected” arbitrary wireless networks [13], [15]. More
conclude the paper in Section VII. recently, some papers compute the multicast capacity and unify
the existing results on unicast and broadcast capacity [19],
[22]. We discussed about the results of these papers and the
Gupta and Kumar [9] study the network capacity for unicagbntribution of our present work in the introduction section.
connections in static wireless networks consistingpafodes  Note that all the above mentioned papers as well as this
distributed in a circle of areal. They define the “transport paper assume only point-to-point coding at the receivers. If
capacity” of a wireless network with units of bit-meters pethe nodes are allowed to use sophisticated multi-user coding
second as the maximum rate of the packets times the distatieen network capacity of a higher order than that described
they travel between the source and the destination. Their matove can be achieved [6], [11], [16], [20]. A full discussion
result says that the aggregate transport capacity of unicasthese results is beyond the scope of this paper.
connections isO(W+/An) in an arbitrary network and it is
O(W+/An/log(n)) in a large homogeneous network. As alll. WIRELESSCHANNEL MODELS AND BASIC NOTIONS
result, if the capacity is shared between random sources anth this section, we describe the models and notions used
destinations in the network, per node capacity decreasesiraghis paper. We consider a wireless network consisting of
O(W+/1/n) (in homogeneous networ®(W/1/nlog(n))) wireless nodes ir-dimensional space cube with volune
when n grows. The same authors also analyze three di-We denote the set of transmitter-receiver pairssishul-
mensional networks [10]. They prove that if the nodes ateaneous directtransmissions active at time by SD :=
distributed in a sphere with volum& then the aggregate {(S;, D;), (Ss, D2),...,(S., Dy)}. Also, we denote the set
transport capacity i€)(Wv/Vn?) [10]. Later, these results of transmitters byS := {Si,...,5,}. Note that these sets
were generalized for a more accurate channel model in [1]vary over time; if not otherwise indicated, however, we will
Franceschettiet al. [S] propose a constructive techniqueconsider one fixed but arbitrary time instant. For simplicity
for large homogeneous networks which achieves a per-nadenotation, the node symbols are used also to represent their
capacity of©(W/1/n). This is an improvement of factor locations. For examplé,S; — D;| is the Euclidean distance
log(n) over earlier result o (W /1/nlog(n)) [9], [L7]. between the nodeS; and D; in R,
The main idea of the technique is build backbone of nodes that
carry packets across the network at constant rate, using shfrt-Vireless Channel Models
hops transmissions (size of \/A/n), and to drain the rest of Here, we briefly review of the common channel models
the traffic to the backbone using a single long-hop transmissifiund in the literature on wireless network capacity. These
(size of ~ log(n)4/A/n). They proved the existence of sucimodels have been explained with more details in [14]. First,
a backbone is due to percolation theory [7]. the Protocol Modelmodels a successful transmission based on
For wireless mobile networks, Grossglauser and Tse [Ble distance with the closest interfering transmitter. This model
show that per node capacity can be increase®(dl) if is the simplest of the three and easiest to analyze. Second, the
packet delay is left unbounded. They propose a mobility-basBtysical Modelsets a threshold on thgignal to Interference
routing method in which the number of retransmissions of thus Noise RatiqSINR) of the received signal, declaring the
unicast packets between source and destination is reducetraasmission to be successful if the SINR is larger than the
two. They consider a mobility model where the nodes movbreshold. Third, th&Seneralized Physical Modeletermines
uniformly and independently within a circular area; a mobilthe transmission rate in terms of the SINR by using Shannon’s
node close to the source receives the packet and movesapacity formula for a wireless channel with additive Gaussian
the entire network randomly and later delivers the packetite noise [3].
when it is close enough to the destination. Many other efforts1) Protocol and Physical Modelln both, the Protocol and
demonstrate that there is a trade-off between the capacity dhne Physical Model the assigned transmission rate from node
the delay in wireless mobile networks, for different mobilityS; € S to node D; is W; = W if the transmission is
patterns and constraints on delay (see [23] for references)modeled as successful, and the rate is zero for unsuccessful
Introducing a new direction in network capacity researckransmissions.
in our previous work, we preseical-capacityconcept and  These models are different on the conditions for successful
find new capacity bounds based topology and traffic pattemansmission. In the literature [9], [10] one finds the following

Il. RELATED WORK



three different versions under the term “Protocol Model”. The value ofAf can be computed in terms of channel model
Given theinterference paramete\ > 0 a transmission is parameters as given in Lemma 1 (the proof in [14]). Clearly,
modeled as successful if: M = ©(1) for Protocol Models and Physical Model.
« Protocol Model 1:
|S; — D;| > (1+ A)|S; — Dy for all S; € S\{S;}.
« Protocol Model 2:

Lemma 1: The arena-bounds/() can be chosen for differ-
ent channel models as

|S; — Dy| > (1+ A)|S; — Dy| for all S; € S\{S;}. 1 ) for A > 2, any Protocol Model,
« Protocol Model 3 or “simple Protocol Model™: 423 1] for A < 2, Protocol Models 1, 2,
Sj = Dil > (14 A)rfor all S; € S\{Si}, and|S; — M = [2£8° 1] for A < 2, Protocol Model 3,
D;| < r where thetransmission range is an additional 3o p .
parameter. [Tiﬂ for Physical Model.
Under the Physical Model a transmission is modeled as (4)

Here, P,.x and P,;, are the maximum and minimum trans-

successful if o
mission power of the nodes.

P;Gi;
SN = B, 27 @ 1t has been shown in [14] thadf = O(log(n)) for
J#i,j€S Generalized Physical Model. However, as we will explain later,

Here, 3 is the SINR-threshold)N, represents the ambientwe apply (3) for only a particular case wheké = O(1).

noise, andG;; denotes the signal loss, meaning tH3iG ; Also, [14] defines thdilled volume spacéor every trans-

is the receiving power at nod®; from transmitterS;. We ported bitb in the wireless network as

assume a power-law decay for the signal loss of the form

Gji = |S; — D;|~, wherea > d is the signal loss exponent. op = Z / A (X)dX (5)
2) Generalized Physical Modelin this model all node i€H, Y rEcube

pairs are able to communicate by direct transmission, howe\\//veﬁereH is the set of transmissions used for transporting the
with a ratelV; that depends on SINR as b P 9

bit . Lemma 2 provides a capacity bound by estimatigg
W; = W -logy(1 + SINR;) (2) for the transported bits of a particular multicast application

While this model assigns a more realistic transmission rate B¢ The proof can be found in Theorem 6 of [14].

large distance than the other two channel models, it also resulttemma 2: Assume thag,, < (ij Ubj)/(zbj 1)asT —

in a singularity under the signal loss modgl; = |S;—D;|~*: oo where {b;}, are the transported bits under application
according to (2) the receiving power and the rate are amplifiagp in time interval [0,7]. Then the rate of generation
to unrealistic levels if transmitter and receiver are placesf successfully transported bits of the applicatiox,) is
very closely to each other. The singularity can be easibbunded as

addressgq by bounding the received power at each ngde_ [2], Aapp < MW - V/Sapp (6)
[4]. Additionally, we assume that the maximum transmission

power (P) is bounded. Therefore, we haw&; = O(W).

Note that limiting _the maxi_mum transmission power is_ A Transport Capacity

important assumption here, it has been shown that a significant

transmission power (compare to the network size) can changd he transport capacity is useful to analyze network capacity

asymptotic bounds on the network capacity [15]. for a given set of unicast source-destination pa#t8 :=

A1,B1),....,(A,, By,)}. It can be defined as [9]:
B. Local Capacity Tools {1 By) ( } o

Here, we review local capacity tools which have been Cr(AB) := max Z|Aj — Bj|R; @)

multi-hop pathsé—

developed in [14]. Atransmission arengA;) is a shape that J

is defined based on location of the transmitt8f) (and the o : : 4
receiver ;) for every transmission in the network. In thisWherERJ 's the average rate of unicast Session betwgem]of

Zd fned — (X - 1S — X| < |9 D. and B; over a given multi-hop path. The maximum is taken
papelr, we detin idt_h {t | .Z'tt_ '|th_ |d'i N P ,»%(a over all possible multi-hop routes establishing the required
circular area around the transmitter with rac lus{ 8f — D) connections between the sources and destinations. The bounds
as transmission arena. It has been proved in [14] that for

BN t t it ted in [1], [9], [10], [14].
arbitrary pointX in the space, at any time instancgand for ransport capacity are presented in [L], [9], [10], [14]

any set of simultaneous transmitte$s IV. UPPERBOUNDS ON THEMULTICAST CAPACITY
Z Wi - Ta, (X) < MW ®3) In this section, we find novel upper bounds on the multicast
Si€8 capacity. We drive two theorems. The first theorem takes into

where M is calledarena-boundand 4, (X) is an indicator account thehomogeneityof network topology for computing
showing whether poink is located inside4; or not. We call the upper bound. The second theorem usesrainglomness
equation (3) thdocal capacity constrainat point X. property of the topology to provide a new capacity bound.



Case (i): For every multicast session, we consider the
set of transmissions which transport the packet fréfnto
T, for all T}, € I{“). From the definition ofZ(*), the large

balls (with radius of% {l/%) are disjoint in the space; hence,
the transmissions are distinct for evefly < I{"). These
transmissions transport the packet for the distance of at least

Fig. 1. Grouping the terminals of a multicast session by considering the Iqﬂfl’ — Ti| > i,‘l/ % inside each large ball. Now, we apply the
node (/) which transmits the packet inside the small ball around a terminglxisting bounds on the transport Capacity of wireless networks
(). In the left figure7; € Z; and in the right figurel; € 73" for the described transmissions [1], [9], [10], [14]. Then,

A. Upper-bound based on Homogeneity of the Topology Am - E#Z{"] - i ( % < oWV Vnd-1 (11)
Here, we explain how to upper bound the multicast capacity . . . :

when the network has some homogeneity on the distribution"(\ﬁ‘erecz is a constant given in the literature. Thus,

nodes in the space. Consequently, the results of this subsection ) 1 v

are applied also for wireless network with the grid topology A < CQW\/V’I’Ld_l/(E[#Il(u)]Z f/;)

in d-dimensional space.

_ . < deyWVknd=1/(E[#I™]/2)
Theorem 1. Assume a homogeneous wireless netwaik in a.s. B e
dimensional space. Then, for all channel models < AW VEkn®t/(e1k/2)
8co n
— “EW A (=)d-1
Ay = O < . (Z)d—lw) 8) o ()
almost surely for largen. Case (ii): For every multicast sessian we consider the set

of transmissions byl for all T; € Z,. A simple geometric
Proof of Theorem 1: Without lack of generality, assume th@bmputation shows that at |ea$;71d% of the large ball around
k — oo asn — oo. Consider an arbitrary multicast sessien 7; is covered by the transmission 6f wherer’, is a constant
with set of terminals7 ™) in the network. We defin€*) C  (e.g.x/, = x/12 in 2-dimensional space). Since the large balls

7™ as the set of terminals such that they are apart from thes disjoint, it follows that the “filled volume of space” that is

rest of terminals by distance qf/% used for transporting the bits of sessions at Ieastyrjj%% .

#Ié“). Now, we apply Lemma 2 for the transported multicast
TW= {Ti € TWst VT, € T\ {T}}: |T; — T > ,‘1/‘;} packets. Then,

1
A - EHIM) -7y s

-
i <MWV (12)

Since the set of terminals for the multicast sessiohave
been chosen uniformly random, using Lemma 2 of [15], We s
can show that#Z(") > ¢, - k with high probability (w.h.p.), ’
wherec; = exp(—m4)/2 is a constant and, is the volume

(. r L
of unit d dimensional sphere. This property results from the Am < MWV/(B[H#I," |

2d

1V
k)

homogeneityf the topology. 24 (w)
Next, we draw two balls around each ndfiee Z(*) with < ;&MW]“/(]E[#I 172)
radiuses of: </% and1 {/¥. Also, for every nodd; € (%, as.  2d
. - < S MWk/(c1k/2)
we consider the last nodel() that forwards the multicast )
packet inside the small ball (with radius éf"’ %) aroundT;. 9d+1
Then, we partitionZ(*) into two subsets: T an Mw
u 14V As we explained in Section IlI-BM = O(1) for all three
I =T eTW: [T, —T/| < = ([~ 9 p .
! { < | = 2V k ©) Protocol Models and Physical Model.

w w Since one of the two above cases has to occur, we conclude
Y =1\ (10) thatA, = O (W,d/(%)d* n

Now, we take average (i.e. expectation) over the size of thesd\ote that for the Generalized Physical Modél =
sets for the transported multicast bits in a long period of tinfd(10g(12)). Therefore, if we follow the proof of Theorem 1,
in different multicast sessions. We analyze these two cadbsn it gives us\, = O(max{W {/(2)?~1, W log(n)}).
separately: (i) ifE[#If“)} > E[#Z™]/2 (ii) if IE[#IQ(“’)] > However, this does not change the final upper bound that we
E[#Z(W]/2. compute at the end of this section in (17).



B. Upper-bound based on Randomness in the Topology J J

Here, we compute a new upper bound on the multicast .
capacity. Theorem 2 uses the randomness of the location of the . . "1
nodes in order to bound the multicast capacity. Randomness of . - ‘ 3
topology creates some clusters of nodes which are relatively .
isolated from the rest of the nodes. These clusters can act as i :
a bottleneck on the multicast capacity.

Theorem 2. Assume a homogeneous wireless netwatk InFig. 2. Acluster of nodes in a large homogeneous network which is relatively

dimensional space. Then, for all channel models isolated from the rest of the nodes.
0 (LW) if k< 1
Am = K log(n) . log(n) (13)  Letps be the probability that at least one node in the middle
o W) if k> 2~ i . X ) :
log(n) cell is a source or terminal of a multicast session. It is easy

almost surely for largen. to show that

—d k —d k
Proof of Theorem 2: The idea of the proof is to show that p— (1 _ (-0 log(n))g p3 <1— (1 _ e310g(n))
5)

cluster of nodes exists in a random topology which is relatively n n (

|solate(_j from the rest of the nodes, and_also the average rv%eere these bounds are obtained using- §)3—log(n) <
of the information that can be sent/received by the nodes of ",
. - . 7. < 3~ %]log(n) w.h.p.. The latter upper bound enhas been
the cluster is very limited compared to the size of the CIUSt%roved in Claim 3.1 of [17]
This provides us a new bound on the multicast capacity. We note that in '(15) it 7'0( " ) thenps — @(log(n)k)
For the proof, we dividé/ into cube cells with side size of N s = n

log(n)
| 2/ Vieaw) _ _ _ and if k = Q(—=—) thenpz = ©(1).
31— - Now, consider a fixed arbitrary cell. Denote the Now, we consides? — 1 points which are the centers of the

log(n)
number of nodes in the cell by. Let p; = P[n = 0], then as  gmpty cells. When a transmission between the nodes of middle

n— o0, cell and the rest of the nodes occurs, at ldast these points
n are contained inside the arena of that transmission. Next, we
1 Vlog(n) . . :
o= (1- @T/V apply the local capacity constraint (3) for thede— 1 points
3 log(n) to bound the input/output rate of the cluster. Then we find
og(n
= (1_n) Am-p3 < (31 —1)- MW (16)
~ =3 “log(n) This completes the proof whelW = ©(1) which is the case
_3—d for Protocol and Physical models. For Generalized Physical
" Model we prove in the appendix that/ = ©(1) for the
Also, let py = P[n < (1 — 6)3-%log(n)] where0 < § < 1 particular case that is studied here. ]
is an arbitrary constant number. We can find an upper bou@d Upper-bound Regimes for Multicast Capacity
on p; by applying the Chernoff's bound. Here we combine the results of the last two theorems. We
Dy < =673 log(n)/2 _ ,~5737/2 (14) find the following upper bound on the multicast capacity for

all channel models. Note that far > 2 dimensional space,

Next, we analyze everit which is the event that there existg"ulticast capacity has three regimes in terms:.oFor d = 1
a group of3? neighbor cells, such that the middle cell contain® SIMPly have the multicast capacity equal to the broadcast

at least(1 — &) log(n) nodes and tha” — 1 cells around it are CaPacity asymptoticallye(1V)).
empty. O/ ()W) if k < =3

log(n)?

Toata) Am =19 O(=2—W) if 2o <k< 2. (17)
P[B] = 1- (1 (- 3d—1>1a< > FTog(n) T Gem? = F S Togm
[ } ( p2)p1 O(W) if k > lOgTE’n.)
> 1- (1 —(1- n*523_d/2)n*3_d(3d*1)> et Fig. 3 shows the upper bound of multicast capacity ia 2
o\ dimensional space. Note that the previous result on multicast
~ 1- (1 — 3 ) capacity, which has been computed for Protocol Model 3,
~ 1 is smaller than our computed bound far = O(i;5)-

The difference arises from the channel modeling; Protocol
Therefore, such? neighbor cells in the network can be foundviodel 3 somehow models the interference of wireless channel
w.h.p.. Note that by using the Borel-Cantelly lemma [21] wpessimistically in comparison to the other channel models. The
can event make a stronger argument and prove that é¥ensame issue has been found for unicast capacity and transport
occurs almost surely for large. capacity in [5], [14].
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Fig. 3. Upper bound on multicast capacity in termskofThe lower line Fig. 4. Lower bound on multicast capacity in termskofThe lower line
represents multicast capacity for Protocol Model 3 and the upper line shomepresents multicast capacity for Protocol Model 3 and the upper line shows
the capacity bound for the other channel models. the capacity bound for the other channel models.

V. LOWERBOUNDS ON THEMULTICAST CAPACITY setc¢ = 10 which is large enough to hold the connectivity
In thi i introd lticast i q i groperties of the cellular structures needed for our routing
n this section, we introduce muiticast routing and UMgepeme we call two non-empty squares (containing at least

scheduling schemes to achieve the computed upper bOUBHE node) in these cellular structuradjacentif they have a

in the last section and also to provide novel lower bounds M mmon side. i.e every square has at moseighbors
the multicast capacity. As we explained in the introduction, the \ov: i Le;m.n;a 3 and 4, we explain two connectivity

multicast capacity has been analyzed under Protocol Mode ﬁaracteristics of these structures using the existing results on

in [19], [22]. Here, we focus on other classical channel mod @rcolation theoryandconnectivity of large homogeneous net-

(see Section lIl-A). ) . ) works The proofs of these lemmas can be found in Theorem 3
We assume that the maximum transmission power is Iargp[S] and Claim 3.1 of [17] respectively

enough for creating a proper connectivity among the nodes

for the Physical Models explained in Section Ill-A. Otherwise, Lemma 3: Consider an arbitrarylog(n)\/g by V'V rect-
poor connectivity of some relatively isolated Single nodes C@’hgu]ar area of the cells. Then, for amy> 10g(6), there exist
result in a significant decrease on the multicast capacity agdieasty log(n) (v is a constant depending aronly) disjoint
change the asymptotic capacity bounds. The full discussigaths built by the adjacent non-empty cells between the left

on the relation between maximum power level and multicaside and the right side of the rectangle area a.s. for large
capacity is beyond the scope of this paper. This problem has

been studied explicitly for the broadcast capacity in [15].  NOw, we consider the rectangular area create%
Theorem 3 provides lower bounds on the multicast capacftyPer-cells which are on the same row or on the same column.

of planar homogeneous networks in 4 cases. Fig. 4 depift@m Lemma 3 it follows that there arglog(n) disjoint

the lower bound in terms of. In case 1 and 4, the Iowerpaths which pass through all super-cells that are located on

bound is tight i.e. it approximates the multicast capacity up {B€ Same row or the same column. We call the disjoint paths

a constant factor. In case 2 and 3, the lower bound is differeiffich connect the super-cells on the same column “vertical

from the computed upper bound in (17) by at most a fact§fgnways” “and_ those which connect the super-cells on the
of O(+/log(n)) which occurs fork = O( ). same row “horizontal highways”. Note that if a vertical and

We present Theorem 3 faf — 2 dimests) space. The@ horizontal highway pass through the same super-cell then
proof can be easily extended th— 3 dimensional sbace they intersect at least in one cell. Intuitively, vertical and
Achievability of multicast capacity il — 1 dimensional space horizontal highways connect the super-cells to each other like

highways between every two

is trivially proved using the proposed broadcast schemes fid: there are at leastlog(n)
[13], [15] adjacent super-cells.

For the proof of Theorem 3, we construct specific cellular we nc_)te_that the d_|stance between tVYO node; which are
j@&ated inside two adjacent cells on a highway is less than
e

structures and then we review some results from the existi "
work which reveals connectivity properties of these structuregbcy/ ;- Therefore, we can transport the packets can on the

We build three cellular structures by dividing the square argyhways by setting the transmission range-fo- \/gc\/z

- i cide e v [Vieg(n N , v
V' into smaller squares with side size O{/; e/ Y200 e call these transmissions “short-hop” transmissions.

clog(n)(/ ¥, and we call them “cells”, “large-cells”, and Lemma 4: For anyc > /3 the number of nodes at each

“super-cells” respectively. Parameteis a constant, here, we large-cell is between and c?clog(n) a.s. for largen.



Based on Lemma 4, every large-cell contains at least or ; : A : 'FFJ , I
node a.s.. Therefore, the packets can be transported throt : : T i ,—l__LL bl
adjacent large-cells in the network. We only need to set th iy [ FIEA D

transmission range tg = \/Sc\/%g(”) for transmitting the | Li [
packet between adjacent large-cells. We call the transmissio :\
with range ofr; “long-hop” transmissions. - : MR i) I~ ferninai 2

In Theorem 3 we apply the connectivity properties of the Lf"“"'
described cellular structures and propose routing and tin
scheduling schemes to provide novel lower bounds on tr
multicast capacity. | terminal 1
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Theorem 3: Assume a homogeneous wireless netw@k in [ 531_
dimensional space. Then for all channel models except tt :\
simple Protocol Model I
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QW) if &> 1ognﬁ Fig. 5. The multicast packet is transported in short-hops along highways from
the super-cell of the source to the super-cells of terminals. Then, long-hop
transmissions are used to drain the packet from highway to each terminal.

almost surely for largen.

Proof of Theorem 3: We provide multicast schemes and prove
achievability for each case separately. Step 2 (Time SchedulingyVe divide each unit time interval
Case 1:We explain this case in three steps. into two equal time slots which are used later respectively for
Step 1 (Multicast Routing)The main idea of the routing the short-hop and long-hop transmissions. At each time slot,
algorithm is to route a multicast packet along highways (iwe schedule the short-hop and long-hop transmissions based
short-hops) from the super-cell of the source to the sup@n a well-known cellular structure time scheduling technique
cells of the terminals. Then, drain the packet from highwaybat has been proposed in [5], [14], [17].
toward the terminals by long-hop transmissions (see Fig. 5).In this technique, the squares of the cellular structure are
The routing scheme has three phases. colored with finite number of colors, such that every two
Phase (i): The packet is transported horizontally in longsquares with the same color are farther than a certain distance
hops from the source to all vertical highways which padgom each other. Next, it divides the time slide into equal sub-
through the super-cell of the source. Note that at moslides where every sub-slide corresponds to one color. Then, it
V/log(n) long-hop transmission will be needed in this phas@llows the nodes inside squares with the same color transmit
We choose one of the vertical highways randomly to transp@itnultaneously. The distance between the cells with the same
the packet for phase (ii). color is large enough so that the interference does not cause
Phase (ii):We use a routing scheme similar to the proposedly unsuccessful transmission.
scheme in [22] for transporting the packet on the highways The technique guarantees that if the transmission power is
from the super-cell of the source to the super-cells of th@rge enough and > d, then it can provide an input/output
terminals. rate of ©(WW) for each square of the given cellular structure.
First, the packet is transported on the chosen verticalStep 3 (Proof of achievability)Ve assume that the multicast
highway in phase (i) to all super-cells which are on the sankés are generated at ralg, in the network. Next, we compute
column with the super-cell of the source. Second, a randdhf average workload that our multicast scheme creates on
numberd betweenl and | vk | is chosen for that packet, andeach cell or large-cell in terms ok},. This gives us the

the packet is transported on a horizontal h|ghway to a rdwaXimUm rate of multicast bits that can be delivered in the
of super-cells if the row number ig - [ X" )W/L\/EJ + ¢ network successfully under our scheme. Note that the network

clog( . . . .
N traffic pattern is symmetrical, therefore the workload is equal
(the number of super-cells on the same ro ) where (up to a constant factor) over all parts of the network.

clog(n)
q=1,2,...,[Vk]. Third, the packet is transported on a ver- First, we analyze the traffic load on the highways. Ev-

tical highway from the closest row of super-cells which havgn, muiticast packet is repeated in short-hops along high-
received the packet toward the super-cell of each termmaI.Ways 0 (Vk- =L log(n) + k- —L" . log(n)

Phase (iii): For the super-cell of each terminal, the packet : clog(n) clog(n)Vk
is transposed horizontally in long-hops along adjacent larg8(V7k) times a.s.. Hence, the average workload on each

cells from the vertical highway which carries the packet to tH&€ll on the highway is© ()\/rnv nk/(vn)) = OV
terminal. Since the time scheduling provide3(W) for each cell,



A, = O(W,/%) is the maximum rate of generation of©(nWW). While, [13] shows that broadcast capacity of mobile
multicast bits that can be loaded on the highways. networks isO(W) and does not change asymptotically with
Second, we analyze the draining traffic on large-cells. Frorere, we study the multicast capacity of large mobile networks
Lemma 4, the number of terminals in each large-cell is at maghich asymptotically lies between these two extreme cases.
¢?elog(n). Therefore, the maximum workload on a large-cell In Theorem 4, we prove thak,, = O(%W) for large
is @(X _@_czelog(n)_\/m) — o k\/log(ma)_ mobile wireless networks. This is in agreement with the
mon m " previous results on unicast capacity and broadcast capacity of
Since time scheduling provid®(WW) for each large-cells, mobile networks [8], [13]. Note that the formula shows that
Am = O(WW) is the maximum rate of generationthe multicast capacity of mobile networks is larger than the
of multicast bits that can be drained successfully. capacity of static homogeneous networks by at least a factor
If k = O(g55(y). the highway traffic load is the bottleneckof ) _
of the multicast scheme. Sq, = ©(W,/T) is the maximum Moreover, .the theorem demonstratefs that t.he gain of mo-
achievable rate. bility on multicast capacity reduces by increasing the number
Case 2:We apply the same scheme explained in Ca&é terminals in a fixed size mobile network. In extreme case
1. However, in this case the draining traffic becomes tHe= 7. which corresponds to broadcast, the mobility gain is
bottleneck. Thereforey;, = ©(W—=2—) is the maximum bounded by a constant factor.

achievable rate for this case. Theorem 4: Assume a mobile homogeneous wireless net-
Case 3:Whenk = Q(ﬁ), we get better throughput by work in d-dimensional space. Then for all channel models

not using the highway tec&mique of Case 1. Instead, here, we n

fix the transmission range tQ and route the packet through Am = @(EW) (20)

large-cells using routing protocol of [22]. It can provideymost surely for largen.

throughput ofo (W #()). . _ :
) ostr : Proof of Theorem 4: We consider an arbitrary node in the
Case 4:We can achieve the bound by applying broadcast . : L :
: . . . “network. The rate of the information which is received or sent
schemes explained in [13], [15]. Interestingly for achievin

this bound the transmission range can be amyQ(r,). gy the node is bounded by the wireless channel capatity

Note that the proposed scheme in Case 1 and 2 can work(f% W) for Generalized Physical Model). Now, if the multicast

.k pi
all channel models except Protocol Model 3. This is becaugleS are generated at a rate uf,, then on averaga,, - ,, bits

the other channel models can var o pEr second must be received/sent by the nodes. It follows that
y the transmission range™o
the nodes at different time slots, however, Protocol Model 3 A k <W 1)
considers a fixed transmission range for all nodes. o T
Next, we combine the computed lower bounds with thghys, )\, = O(2W).
upper bounds in (17), then we obtain the following results:  Next, we prove that\,, = ©(2W) is achievable using a

(i) For d = 1 dimensional spaca,, = ©(W) mobility-based routing scheme. We employ a routing scheme
(ii) For d > 2 dimensional space similar to the scheme of [8]. A transmission rangerof=
. a/V i i i

O ( d (%)d—lw) if k< 1og(ff)d+1 - is considered for all nodes. A source node transmits the

Q " W it n <p< _n multicast packet to a terminal (which does not have the packet)
N — (k,d/log(n)dﬂ ) log(n)dF1 —= ™ = log(n)(219 when they randomly move into the transmission range of each

[9) ( d (L)dflw) if - <p<_n other. For speeding the packet dissemination process, we can
klog(n) log(n)2 — " = log(n) . . . .
o W) it > _n allow the terminals which have received the multicast packet
= log(n) to act as the source.

The maximum difference between computed upper boundHere, a time scheduling technique similar to the proof
in (17) and lower bound (19) i®({/log(n)) which occurs of Theorem 3 is used for scheduling the transmissions. It
for — 2 <k < 1. guarantees that information bits can be sent to the air and

log(n) log(n) . .
Ny c L M W received successfully at the aggregate rat®©6iWW). Since
- MIULTICAST LAPACITY OF LARGE MOBILE WIRELESS 16 scheme uses at mdst- 1 transmissions for transporting

NETWORKS a multicast packet. This scheme can deliver the multicast bits
In this section we study the multicast capacity of larggp to the rate o (nW/k). m

mobile wireless networks. We consider a stationary mobility

model for the nodes with uniform spatial distribution, i.e. VII. CONCLUSION AND FUTURE WORK

we assume that nodes are moving randomly and mutually Most existing work on multicast capacity of large homo-

independent in d@-dimensional cube with volum¥& such that geneous networks is based on a simple model for wireless

at any given time instant, the distribution of nodes is unifornthannel, namely the Protocol Model [12], [19], [22]. In this
The capacity of mobile wireless networks for unicast flowgaper, we exploit a local capacity tool callacenawhich we

has been computed in [8]. The paper proves that the aggregateoduced recently [14] in order to render multicast acces-

unicast capacity of the nodes grows proportionalntoas sible to analysis also under more realistic, and notably less



pessimistic channel models. Through this study we find thrge]
regimes of the multicast capacity,f) for large homogeneous
wireless network depending on the ratio of terminals over t ]
overall size of the network. Further, the upper bounds\gf
we find are of the order/log(n) larger than_ the existing 19
bounds, and we are able to propose a multicast routing 4nd
time scheduling scheme to achieve the computed asymptqzia
bound over all channel models except the simple Protocol
. : 21]
Model. To this end, we employ percolation theory among oth D]
analytical tools.

Furthermore, we studied the multicast capacity of lardé?!
mobile wireless networks. We showed that similar to unicast
case mobility increases the capacity of wireless networks fan]
multicast asymptotically. However, the mobility gain decreas
when increasing the ratio of the number terminals to overi%srr)]
size of the network. In the extreme case where multicast [5]
equivalent to broadcast, the mobility gain reduces to a Const?zgﬁ
factor.

Future studies can extend the analytical results on multicast
capacity for static wireless networks with multi-channels [18]
or directional antenna [26]. Also, they can investigate capacit
and delay tradeoff for the multicast capacity of mobile wirele

S. R. Kulkarni and P. Viswanath, “A deterministic approach to through-
put scaling in wireless networks[EEE Transactions on Information
Theory vol. 50, no. 6, pp. 1041-1049, 2004.

P. Kyasanur and N. H. Vaidya, “Capacity of multi-channel wireless
networks: impact of number of channels and interfacesMobiCom
2005.

X. Y. Li, S. J. Tang, and O. Frieder, “Multicast capacity for wireless
networks,” inMobiCom 2007.

A. Ozgur, O. Leveque, and D. Tse, “Hierarchical cooperation achieves
linear capacity scaling in ad hoc networks,”IKFOCOM, 2007.

S. I. Resnick A Probability Path Boston: Birkhauser, 1998.

S. Shakkottai, X. Liu, and R. Srikant, “The multicast capacity of wireless
ad-hoc networks,” ifMobiHog, 2007.

G. Sharma, R. R. Mazumdar, and N. B. Shroff, “Delay and capacity
trade-offs in mobile ad hoc networks: A global perspectiVEEE/ACM
Transactions on Networkingol. 15, no. 5, pp. 981-992, 2007.

B. Tavli, “Broadcast capacity of wireless networkEEEE Communica-
tions Lettersvol. 10, no. 2, pp. 68—69, 2006.

S. Toumpis, “Capacity bounds for three classes of wireless networks:
asymmetric, cluster, and hybrid,” iMobiHoc 2004.

S.Yi, Y. Pei, and S. Kalyanaraman, “On the capacity improvement of ad
hoc wireless networks using directional antennasMiobiHoc, 2003.

R. Zheng, “Asymptotic bounds of information dissemination in power-
constrained wireless network$EE Transactions on Wireless Commu-
nications vol. 7, no. 1, pp. 251-259, 2008.

APPENDIX

. Completion of the Proof of Theorem 2

network similar to previous studies on unicast capacity [23]. We consider one of3? — 1 points and denote it
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