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Abstract— Simultaneous support of multiple delay-critical ap-
plication sessions such as multiuser video streaming require a
paradigm shift in the design of ad-hoc wireless networks. Instead
of the conventional layered approach,cross-layer optimization is
needed for more efficient resource allocation, across the protocol
stack and among multiple users. In this work, we extend our
previous effort in joint capacity and flow assignment at the
MAC and network layers, to include rate allocation at the
application layer of each user. The proposed optimization aims to
minimize the tradeoff between encoded video quality of all users
versus overall network congestion. Compared to a scheme with
oblivious layers, where capacity, flow and video rates are assigned
individually, simulation results show significant performance gain
of our proposed cross-layer approach, in terms of maximum
sustainable rate and quality of the video streams.

I. I NTRODUCTION

A wireless ad-hoc network is a collection of wireless nodes
that self-configure to form a network. Each node is either a
transmitter, a receiver or a relay. Such a system is compelling
for scenarios where communication infrastructure is either too
costly or not feasible to be deployed. In industrial automation,
for instance, the capability of wireless networking among
sensors and actuators is an attractive means of cost reduction.
Another example is search-and-rescue missions, where the
availability of audiovisual communications can potentially
save more lives in an infrastructure-less environment. These
applications are by no means exhaustive but point to some po-
tential areas for which the design of ad-hoc wireless networks
are of great interest.

The flexibility promised by wireless ad-hoc networks also
presents new design challenges. Each node needs to com-
municate in a multi-hop manner to its intended destination.
The wireless medium inherently suffers from interference
from other transmitters, multipath fading and shadowing. The
lack of infrastructure requires that networking tasks, such as
neighbor discovery and routing, be performed in a distributed
manner. This decentralized control along with the hostile
nature of underlying wireless links makes it extremely difficult
to support delay-critical applications such as real-time media

streaming. Varying channel conditions, node mobility, link
failures, etc may cause significant quality degradation in delay-
sensitive applications such as voice and video. These unique
challenges have led to a paradigm shift in the design of
wireless ad-hoc networks. In contrast to traditional layered
paradigm where each layer is designed independently, a new
approach is to perform joint optimization across the protocol
stack, leading to more efficient and adaptive resource utiliza-
tion. This new paradigm is calledcross-layer design. In [1], it
was shown that joint optimization of link capacity and traffic
flow assignment can lead to significant performance gains in
the case of supporting a single video stream over the network.

When multiple media streaming sessions are present in the
network, it is also important to perform resource allocation
among the different source-destination pairs. In the case of
streaming compressed video content, this is characterizedby
the encoding rate allocated to each video stream. In this
paper, we consider joint capacity, flow and rate allocation
for video streaming between multiple source-destination pairs.
Thecapacityassignment is a point in the capacity region that is
determined by the time sharing between different transmission
schemes. Theflow assignment determines the actual data
rate carried by a particular wireless link, so as to minimize
overall network congestion, which reflects the amount of delay
experienced by the video packets. For each source-destination
pair, the allocatedrate affects the encoded video quality of the
stream, and is chosen to balance the tradeoff between video
quality and incurred network congestion. Note that given the
allocated rate of a stream, the video traffic is transmitted from
source to destination in a multi-hop fashion, along the routes
determined by the flow assignment process. This work extends
our previous efforts in joint capacity and flow allocation [1]
to consider multiple source-destination pairs, introducing an
additional dimension (i.e., rate of each user) into the joint
optimization.

The rest of the paper is organized as follows. In Section II
we briefly review existing literature on cross-layer designfor
multimedia applications. The next section describes our wire-



less channel and network model as well as the video distortion
model. We then formulate the joint rate, capacity and flow
allocation problem in Section IV, and explain the procedures
of the optimization. Section V describes our simulation results
and Section VI concludes the paper.

II. RELATED WORK

In this section we give a brief overview of recent research
in the field of cross-layer design for wireless ad-hoc networks,
especially for supporting multimedia applications. In [2], [3]
and [4], the authors studied joint optimization of physical
layer parameters like power allocation, link capacities with
the higher layer parameters like routing, link scheduling and
flow assignment. It was shown that the joint optimization
of the parameters across traditional layers provide significant
benefits over isolated optimization within a single layer. In
[1] the authors describe an algorithm for joint capacity and
flow allocation and demonstrate significant benefits over a
competing oblivious-layer scheme, in the case of low-latency
video streaming. This cross-layer model was extended across
the protocol stack in [5], where a new framework for cross-
layer optimization across all layers was introduced. The cross-
layer approach has been exploited in joint design of distributed
MAC and network coding [6] and also in sensor networks
where joint optimization is done to improve the energy effi-
ciency of sensor networks [7].

III. SYSTEM MODEL

We consider a wireless ad-hoc network consisting ofN
nodes randomly deployed in a region. Each node can either be
a transmitter, a receiver or a relay. The source and the destina-
tion communicate with each other in a multi-hop manner. The
communication over each wireless link may suffer from inter-
ference from simultaneous neighboring transmissions. Below
we describe our wireless network model which captures the
effect of interference between two simultaneous transmissions.
In the following subsection we describe our calculation of the
capacity region based on time-sharing among basic transmis-
sion schemes. In Subsections III-C and III-D, we explain our
congestion and video distortion model used for trading off
encoded video quality versus network congestion in the joint
optimization.

A. Wireless Network Model

The wireless channel model is characterized by three basic
phenomena, namely the path loss, shadowing and fading. In
this paper we focus only on the path loss model for the
wireless channel. Specifically we use the two-ray ground
model to characterize the channel. In this model the received
power at distanced is given as [8]

Pr(d) = Pr(dc)

(

d

dc

)−4

(1)

where dc is the critical distance beyond which the received
power falls off proportionally withd−4. From [8] we know
that the critical distance is given asdc = 4hrht/λ, whereht,
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Fig. 1. Wireless network model

hr are the transmit and receive antenna heights andλ is the
signal wavelength. The received powerPr(dc) depends on the
transmit powerPt as:

Pr(dc) = Pt

(√
Glλ

4πdc

)2

, (2)

where
√

Gl is the antenna gain.
Each node transmits with a fixed powerPt and can com-

municate with nodes within a region of radiusdcomm around
it. The communication radius is determined by the transmit
powerPt, receiver sensitivityPrx and the channel model from
Eq. (1) and Eq. (2). Each node communicates with its neigh-
bors (i.e., nodes within the distancedcomm ) with a fixed rate
R0. To avoid interference with neighboring nodes, each node
uses a carrier sense mechanism where it senses for ongoing
communications before beginning its transmission. Depending
upon the carrier sense sensitivityPcs, each node has a region
of radiusdsense where simultaneous communications cannot
take place. Figure 1 illustrates our network model, where Node
1 can communicate with only Node 2, since it lies within
distancedcomm. Meanwhile, all nodes withindsense of Node
1 (i.e., Nodes 3, 4, 5 and 6) cannot transmit or receive when
communication between Node 1 and Node 2 is ongoing. This
model is similar to CSMA/CA used in 802.11 networks [9]
where a node overhearing an ongoing communication refrains
from its own transmission for a random backoff time.

B. Capacity Region

We define the capacity region to be the entire set of rates
simultaneously achievable between pairs of nodes under a
given communication protocol. This definition of capacity was
first introduced in [10] and lower bounds the information
theoretic capacity region (which is still an open problem).
A similar definition of capacity was also used in [4] to
perform resource allocation in wireless networks. Following
the notation of [1] letT = {t1, . . . , tn} ⊆ {1, . . . , N} be the
set of transmitters andR = {r1, . . . , rn} ⊆ {1, . . . , N} be



the set of receivers which can simultaneously communicate
with each other. Note that the set of transmittersT and the
set of receiversR need to satisfy the feasibility conditions as
described in the wireless model above. Specifically

d(ti, ri) < dcomm ∀ti ∈ T ∀ri ∈ R (3)

which implies that the intended receiver is withindcomm of
the transmitter. To avoid interference we also require thatthere
are no active nodes (i.e., no nodes transmitting or receiving)
within dsense of the intended transmitter and receiver. That is

d(ti, tj) > dsense, d(ri, tj) > dsense ∀j ∈ T , j 6= i (4)

d(ti, rk) > dsense, d(ri, rk) > dsense ∀k ∈ R, k 6= i(5)

We define the tupleS = {T ,R} satisfying the feasibility
conditions (3)-(5) as the transmission scheme. For the network
shown in Fig. 1, we haveT = {1, 9} andR = {2, 10} and
{T ,R} is one such basic transmission scheme. For a specific
transmission schemeSk = {Tk,Rk} let Ck = {Ck,ij} be the
set of achievable rates. Here

Ck,ij =

{

R0 (i, j) ∈ (Tk,Rk)
0 otherwise

}

(6)

where R0 is the fixed rate between any transmitter-receiver
pair as given by the wireless model above. In [4], the tuple
(Tk,Rk, Ck) is called theElementary Capacity Graph. The
capacity regionC can thus be written as the set of rates
simultaneously achievable by time sharing of different basic
transmission schemes:

C =

{

L
∑

k=1

λkCk : λk ≥ 0,

L
∑

k=1

λk ≤ 1

}

(7)

whereL is the total number of transmission schemes given
by L =

∑⌊N/2⌋
n=1

N !
n!(N−2n)! and λk are the time sharing

coefficients which represent the percentage of time each of
these basic transmission scheme is used.

C. Network Congestion Model

In video streaming applications, each video packet needs
to arrive at the decoder by a deadline, at which time it is
expected to be decoded and displayed for continuous playout
of the video contents. Packets arriving after the deadline are
typically treated at the decoder as if they were lost. Therefore,
delivery of video packets is delay-critical, and the received
video quality is affected by congestion in the network, i.e.,
the average queuing delay per link.

For simplicity, we use the M/M/1 queuing model to estimate
congestion over each link(i, j) in the network. The total
congestion in the network∆ can be evaluated as the sum
of congestion at each link [11]:

∆ =
∑

(i,j)

f(i, j)

C(i, j) − f(i, j)
(8)

where f(i, j) and C(i, j) are the flow and capacity on the
directed link(i, j).

Alternatively, congestion on each link is also reflected
in the link utilization factor:ρ(i, j) = f(i, j)/C(i, j), and
congestion over the entire network is determined by the link
with maximum utilization:

∆ =
∑

(i,j)

ρ(i, j)

1 − ρ(i, j)
. (9)

D. Video Distortion Model

In this section we present a parametric model for video
distortion as a function of encoded rate of each stream. LetS
be the set of video sources in a network. For eachs ∈ S we
associate a mean square error (MSE) distortionDs when the
video stream (associated with the particular source) is encoded
at the rateRs. The distortion rate characteristics of each stream
can be fitted to a parametric model [12].

Ds(Rs) = Ds
0 +

θs

(Rs − Rs
0)

(10)

where Ds
0, Rs

0 and θs depend on the actual video content
and are estimated from empirical rate distortion curves using
regression techniques.

Typically, the encoded video quality is evaluated in terms
of peak-signal-to-noise-ratio(PSNR), which is related to the
MSE distortion as:

PSNR= 10log10(2552/MSE) (11)

It should be noted that a good video quality implies lower
value of MSE which translates to a higher value of PSNR.

IV. JOINT CAPACITY, FLOW AND RATE ALLOCATION FOR

MULTIPLE USERS

In this section we formulate the problem of joint capacity,
flow and rate allocation for multiple source-destination pairs.
It is evident from the video distortion model described above
that increasing the rate assigned to the flow reduces the overall
distortion. However this increased rate causes congestionin
the network which leads to greater proportion of late packet
arrivals as well as losses due to buffer overflow. These
late/lost packets typically lead to artifacts in the decoded
video sequences, hence degrading end-to-end video quality.
Therefore, in a bandwidth-limited network, one would expect
the optimum encoding rate to lie somewhere in the middle. To
find the optimal rate allocated to each source-destination pair
we aim to minimize the expected Lagrangian cost given by:

J =
∑

s∈S

Ds(Rs) + α∆(R), (12)

whereDs(Rs) is the distortion for the streams at the rateRs,
α is the Lagrange multiplier and∆(R) is the total network
congestion in the network for the rate tupleR = {Rs, s ∈ S}.
By evaluating the optimal∆(R) for all feasible rate tuples,
one can, in turn, evaluate the corresponding Lagrangian costs
according to Eq. (12), thus achieving joint optimization of
capacity, flow and rate. We therefore first evaluate∆(R)
for all feasible rate tuplesR using joint capacity and flow
optimization and then find the best rate tuple which minimize
the overall Lagrangian cost as given in eq. (12).



A. Joint capacity and flow optimization

We formulate the problem of joint capacity and flow alloca-
tion for givenrate tuple{R̃s

, s ∈ S} as a convex optimization
problem. From Eq. (12), it is obvious that for a given rate tuple
R, the first terms in the total cost is fixed, so one only needs to
minimize the total congestion by finding the optimal flow and
capacity allocation. Note, however, that network congestion
defined in Eq. (8) is not a convex function ofboth flow and
capacity. Instead, we choose to perform the capacity and flow
assignment using the alternative metric of the maximum link
utilization:

ρ (C, f) = max
(i,j)

fi,j

Ci,j
. (13)

Here fi,j and Ci,j are the flow and capacity on the directed
link (i, j). Intuitively, this would lead to load balancing in the
network, and would also prevent any bottleneck links from
congesting the network. As pointed out in [13], minimizing
maximum link utilization leads to solutions of properties
similar to that from congestion minimization. This was also
the optimization objective used in [1] to perform the capacity
and flow allocation for the single user case. This performance
measureρ (C, f) is also a quasi-convex function ofboth flow
f and capacityC 1. The following set of equalities show that
the sub-level sets of the function are convex [1]:

{(C, f) | ρ (C, f) ≤ γ} (14)

=

{

(C, f) | max
(i,j)

fi,j

Ci,j
≤ γ

}

(15)

= {(C, f) | fi,j − γCi,j ≤ 0,∀(i, j)} . (16)

This implies that the optimal solution can be obtained by
finding the smallestγ for which a solution exists. This can
be done using the bisection method as described in [14]. The
feasibility conditions onfi,j and Ci,j can be expressed as a
set of linear constraints.

Let S be the set of all sources in the network, andD the
set of corresponding destination nodes. We denote the flow
over link (i, j) due to stream with source nodes as fs

ij .
Note that the total flow on each link includes contributions
from all streams:fij =

∑

s fs
ij . For the given rate tuple

R̃ = {R̃s, s ∈ S}, the following set of constraints represent
the flow conservation equations over each node, for each
streams:

∑

j

fs
sj −

∑

j

fs
js = R̃s ∀s ∈ S (17)

∑

j

fs
dj −

∑

j

fs
jd = −R̃s ∀d ∈ D (18)

∑

j

fs
kj −

∑

j

fs
jk = 0 ∀k /∈ (S ∪ D) (19)

Equation (17) tells that the difference between the total
outgoing flow and total incoming flow at a source node

1A function is quasi-convex if the domain over which its value is below a
threshold (called sub-level set) is convex [14].
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Fig. 2. Network topology

should be equal to the total rate of the encoder. Similar flow
conservation equation holds for the destination node and for all
relay nodes, where the total incoming flow should be equal to
the total outgoing flow (18)-(19). Since the flow and capacity
values at each link(i, j) are positive numbers we have:

fs
ij ≥ 0 ∀(i, j) ∀s ∈ S (20)

Cij ≥ 0 ∀(i, j). (21)

We also require that the capacity matrixC should lie inside
the capacity region given by Eq. (7). This can be expressed
as the set of linear constraints:

C = CΛ, (22)

whereΛ is the set of time sharing coefficientsλk andC is the
set of basic transmission schemes expressed by Eq. (6). The
constraints on these time sharing coefficients are:

λk ≥ 0 (23)
∑

k

λk ≤ 1. (24)

The optimization function is thus to find the minimumγ such
thatfi,j −γCi,j ≤ 0,∀(i, j) and the constraints (17) - (24) are
satisfied. Note that this optimization function gives the optimal
flow and capacity assignment for each link(i, j) for a given
set of rate tuples̃R

s
.

B. Oblivious-layer capacity and flow assignment

As a competing scheme, we also present an algorithm for
allocation of capacity and flow with oblivious layers. In this
architecture, the bidirectional links between nodes that are
within the distancedcomm of each other are established. The
network topology shown in Fig. 2 shows these bidirectional
links.

The capacity assignment assigns equal share to all basic
transmission schemes. Thus the time sharing coefficientsλk

as given in Eq. (7) are all equal. This capacity assignment is



completely oblivious of the encoding rate at each source as
well as the total traffic carried by each link. The optimal flow
assignment is then done for the given capacity allocation. The
constraints on the flow assignment include the flow conserva-
tion equations (17)-(19) and flow positivity constraints given
by Eq. (20).

In next section, we present our simulation results for joint
capacity, flow and rate allocation using the model and equa-
tions developed in this section. Specifically, we use Eq. (16) -
Eq. (24) to perform the joint capacity and flow allocation. The
flows and capacities at each link are then used to determine
the total congestion as given in Eq. (9). This congestion value
is then used in Eq. (13) to determine the Lagrangian cost.

V. SIMULATION RESULTS

A. Simulation scenario

We consider an ad-hoc network consisting of 10 nodes
within an 100m-by-100m square. Numerical simulations are
performed in Matlab. The network topology used for the
simulation results is shown in Figure. 2. Each node transmits
with the powerPt = 15 dBm (0.316 mW), with receiver
sensitivityPrx = -87 dBm (2.0×10−9 mW) and carrier sense
sensitivity Pcs = -100 dBm (1.0 × 10−10 mW). The antenna
gain is Gl = 0.05 and the critical distance is calculated
as dc = 10.07 m, for antenna height of 1.0 m. According
to Eq. (1) and (2), the communication radiusdcomm is 53
m and the sensing radiusdsense is 112.22 m. Each node
communicates with its neighbors with a fixed rateR0 = 2.5
Mbps 2. Note that the values ofdcomm anddsense imply that
the chosen network topology allows no spatial reuse. This
is because the sensing distance is large and it prevents any
simultaneous communication in the network.

Two video streams are sent over different source-destination
pairs. The first video stream is set up from Node 3 to Node 5
and consists of theForemanvideo sequence, containing rela-
tively high motion in the content. Given the network topology
and transmission ranges, note that multi-hop transmissions are
needed for each streaming session. In our simulation, it is
observed that each streams travels over 3 hops, along a route
extracted from the flow assignment results3.

The second video stream from Node 8 to Node 9 is
the Mother and Daughtersequence, with slow motion and
static background. Both sequences are of the CIF format,
with picture size352 × 288 pixels per frame and playing at
30 frames per second. The rate-distortion curves in Fig. 3
are derived from empirical encodings using the H.264/AVC
reference codec [15]. As is evident from the figure, the two
video streams have different characteristics and hence would
need different encoding rates to achieve the same distortion.
Specifically, for the same decoding quality, theForemanse-
quence requires a much higher rate as compared to theMother

2This corresponds to the effective bandwidth of transmittingpackets of
1000 bytes over an 802.11b network with data rate2.5 Mbps.

3Interested readers are referred to [1] for a detailed account of the route
extraction process.
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and Daughtersequence, since more efficient compression can
be achieved for the latter.

B. Joint optimization

We first present results for the case of joint capacity and
flow allocation. Figure 4 presents the surface plot of the overall
network congestion as a function of target ratesR1 and R2

when both the capacities and flows are jointly optimized.
As the encoding rates of the two streams are increased,
the network becomes more and more congested. Also the
overall link utilization is increased and approaches unityat
the boundary of the feasible region of the rate pairs. It can
be seen that the maximum individual rate that each stream
can support is about830 Kbps. However the presence of the
second stream lowers the actual sustainable rate of the first
stream.

Figure 5 presents the contour plot of the total Lagrangian
cost for a specific value of Lagrange multiplierα = 0.5.
As can be observed, the optimal encoding rates for two
streams lie within the rate region. Figure 6 plots the optimal
encoding rates for two streams for different values of Lagrange
multiplier from α = 1 to α = 10. As can be observed from
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the graph, the optimal encoding rates decrease with increasing
α. This is because, as the Lagrange multiplier is increased, the
combined cost is more affected by increasing congestion and
hence the optimal encoding rates are reduced.

In order to better present the result, and to draw meaningful
conclusions, we restrict out attention to certain 2-dimensional
slices of this 3-dimensional plot. In particular we restrict our
attention to cases where the encoding rates of the second
streamR2 are proportional to the encoding rate of the first
streamR1, i.e., we haveR2 = βR1, whereβ ∈ {0.5, 1, 2}.
Figure 7 plots the total network congestion as a function of
encoding rateR1. Thus the maximum rate sustained for the
first streamR1 is lowered as the encoding rate of the second
streamR2 is increased. Intuitively this is reasonable since the
lack of spatial reuse forces the two streams to time-share the
overall capacity. This also means that the capacity region is
just the linear combination of the maximum sustainable rate
of either of the two streams and hence is triangular in shape.

We now plot the total Lagrangian cost in Eq. (12) for
different values of the weighting factorα ∈ {1, 5, 10}. For
clarity we again restrict our focus to cases whereR2 is
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TABLE I

OPTIMAL ENCODING RATE R1 IN (KBPS)

α = 1 α = 2 α = 10

β = 0.5 305 205 165
β = 1 245 165 125
β = 2 165 125 105

proportional toR1. Figures 8 presents the total cost as a
function of R1 for β = 0.5, 1 and 2 respectively. Initially,
the total cost decreases as the encoding rate is increased. This
is primarily due to decreased distortion as given by Eq. (10).
However when the rates are increased beyond a certain point,
the overall congestion causes the total cost to increase. Thus
there exists an optimal encoding rate.

Table I gives the optimal encoding rateR1 for different
values ofα and β. It is evident from the table that as the
weighting factorα is increased, the optimal rate becomes less,
leading to a more conservative allocation of rate. Whenβ is
larger the optimal encoding rate for stream 1 is decreased. This
is because the larger value ofβ implies that the corresponding
encoding rateR2 is large, thereby increasing the total traffic
rate and congestion in the network.

C. Comparison with oblivious-layer allocation

In this subsection we compare the joint optimization al-
gorithm with oblivious-layer allocation. Figure 9 shows the
network congestion as a function of encoding rate for both the
joint optimization as well as the oblivious layer case. Given
the same target rate pairs, it is evident from the figure that
the overall congestion is much lower when the capacities and
flows are jointly optimized. As a consequence, the maximum
sustainable rate is significantly decreased for the oblivious
layer scheme. For example, when the encoding ratesR1 and
R2 are equal (i.e.,β = 1), the maximum sustainable encoding
rate with joint optimization is about 400 Kbps (see Fig. 7).
This maximum sustainable rate is decreased to about 60 Kbps
for oblivious layer allocation.
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As an another comparison, Table II gives the supportable
video quality for both joint optimization as well as oblivious
layer optimization. The overall supportable video qualityis
reduced by about 5 dB for the oblivious layer case, due to
the much lower sustainable rate as compared to the joint
optimization.

VI. CONCLUSIONS

We presented an algorithm for joint capacity, flow and
rate allocation for supporting video streaming over wireless
networks. In particular we considered multiple video streams
in the network and performed joint allocation over the ap-
plication layer (encoding rate of video), network layer (flow
assignment to each link) and MAC layer (capacity allocation
to each link). The objective is to minimize the total Lagrangian
cost of total video distortion and overall network congestion.
Our simulation results shown a significant performance gain
over a scheme with oblivious-layer allocation, improving the

TABLE II

TABLE OF SUPPORTABLE VIDEO QUALITY AND ASSOCIATED RATE. THE

ENCODING RATE OF THE SECOND STREAM ISR2
= 0.5R1

α = 1 α = 5 α = 10

PSNR (in dB) 33.11 31.29 30.28
Joint

Rate (in Kbps) 305 205 165

PSNR (in dB) 28.15 26.80 25.72
Oblivious

Rate (in Kbps) 106 81 66

maximum sustainable video rate by 4-6 times, and encoded
quality by up 5 dB in PSNR.
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