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Abstract—We consider the problem of joint routing, scheduling
and power control in multi-hop wireless networks. We use a linear
relation between link capacity and signal to interference noise
ratio in our formulation. In a previous work, using a duality
approach, the optimal link scheduling and power control that
minimizes the total average transmission power is found. We
formulate this problem as a linear programming problem with
exponential number of constraints. To cope with the exponential
number of constraints, we propose an iterative algorithm based
on the cutting plane method. The separation Oracle for the
cutting plane algorithm turns out to be an element-wise concave
optimization problem that can be effectively solved using branch
and bound algorithm.

We extend the same method to find the optimalrouting
scheduling and power control. Simulation results show that
this methodology is more efficient and scalable compare to the
previously proposed algorithm.

I. I NTRODUCTION

Wireless mesh networks rely on multi-hop transmission to
provide connectivity between end users. In such systems it
is highly desirable to minimize the total power consumption
to increase energy efficiency of the system and to minimize
interference with other telecommunication systems working in
the same environment. Three separate set of control variables
that determine the energy consumption in a network are: (i)
Routing which specifies path(s) that are used to transfer data
between every source-destination (S-D) pair in the network
and the fraction of traffic that on average is sent through each
selected path. (ii) Scheduling which specifies the set of active
links that transfer data at each time slot. (iii) Power Control
which determines power transmission of active links at each
time slot. For a given traffic matrix which specifies traffic
demand between every source-destination pair our goal is to
find the optimal routing, scheduling and transmission power
that minimize the total power consumption in the network.

Cross-layer design for wireless networks are usually based
on simplified MAC and PHY layer models, so that it can be
formulated as a convex optimization problem. The models
that consider interference, however, result in complicated
mathematical relations between power and link capacity which
are multi-variable and non-convex. Therefore, conventional
convex optimization algorithms are not applicable anymore.

Furthermore, to cope with the interdependence and coupling
of variables in wireless networks, it is well-known that a
cross-layer design approach that jointly optimizes routing,
scheduling and power control can substantially reduce total
power. In this work, we propose a cross-layer global optimal
algorithm that minimizes the total power consumption in the
network and consider a non-convex inter-dependent model
for wireless links. The algorithm that we present here is
centralized and we are working on distributed versions of
it. However, the centralized algorithm can also be used for
network provisioning and can also be used as a benchmark for
heuristic distributed algorithms that proposed for cross-layer
design.

Optimization approaches for wireless network resource allo-
cation are developed in several papers. Our approach is similar
to [1], where the problem of joint routing, scheduling and
power control for wireless multi-hop network is considered.
They present a centralized algorithm to find optimal schedul-
ing and power control to minimize the total average power
consumption in the network, subject to constraints regarding
the peak power and minimum data rate over each link. In
addition, using the dual variable as the link cost they propose a
gradient based algorithm to find the optimal routing iteratively.
However, the number in constraints of the scheduling and
power allocation problem, which should be solved in every
iteration, grows exponentially with the number of links. Hence,
this approach is impractical for large size networks. We pro-
pose efficient relaxation methods and introduce an algorithm
that simultaneously finds the optimal routing, scheduling and
power allocation. Even though the worst case complexity of
the relaxation methods can be exponential, these algorithms
turn out to be very efficient for practical problems. In fact,
by using the simulation results, we show that our proposed
algorithms for routing, scheduling and power control is even
much more efficient than the direct approach proposed in [1],
[2] for scheduling and power control (with fixed routing).

The rest of the paper is structured as follows: In Section
II, we describe the physical layer model and formulate the
optimization problems. In Section III we describe our algo-
rithm. Simulation results in addition to some comments about
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our algorithm are provided in Section IV. Section V concludes
this paper.

II. M ODELING AND PROBLEM FORMULATION

Suppose there areN stationary nodes, labeled by the
integers1, 2, · · · , N . A set ε of Lε = |ε| transmission links,
among the possibleN(N − 1) links between nodes, make a
network topology. These active links are chosen based on the
distance, Signal to Interference Noise Ratio (SINR) or some
other connectivity measure [3], [4], [5]. For simplicity, we
assume in this paper that two nodes constitute a link if the
distance between them is less than a threshold. For a given
link l = (i, j), the transmitter nodei uses a signal power
P (l). The “path gain” from nodei to node j is given by
G(i, j), and models the effects of signal attenuation due to
distance, channel fading and shadowing, as well as antenna
gain patterns. We assume that the path gainsG(i, j) are
constant. The transmitting and receiving nodes of linkl are
denoted byT (l) and R(l) respectively. The received signal
power at nodeR(l) from the transmitterT (l) thus is given
by P (l)G(T (l), R(l)). However, signals emanating from other
transmitters appear the receiverR(l) as interference, and there
is thermal noise as well. The signal to interference and noise
ratio (SINR) for link l is defined as

γ(l) =
G(T (l), R(l))P (l)

∑

k 6=l P (k)G(T (k), R(l)) + nR(l)
(1)

wherenj is the noise power at nodej. Let us assume that the
efficient bandwidth of channell is W (l). Assuming Gaussian
noise plus interference, the maximum mutual information of
link l will be X(l) = W (l).log2(1 + γ(l)). In a low power
regime, the SINR value,γ(l), is very small. Therefore, we can
use the linear approximation forlog function and obtain

X(l) = W (l).γ(l) (2)

A. Scheduling and power control

We start with reviewing the problem formulation given in
[1]. For simplicity of exposition, we divide time into slots,
each of equal duration and indexed by positive integers.
Transmissions begin and end on slot boundaries. Generalizing
the notation introduced earlier, letXt(l) and Pt(l) be the
data rate for link l in slot t, and transmission power for
the transmitterT (l) for link l in slot t, respectively. Let
Pt = (Pt(1), Pt(2), · · · , Pt(Lε)) be the network power vector
for slot t. Let Pmax(i) be the maximum transmission power
for node i. Also, let ε(i) be the links inε that originate at
node i. Each node must conform to the peak transmission
power constraint in every slot:

0 ≤
∑

l∈ε(i) Pt(l) ≤ Pmax(i) and

0 ≤ Pt(l), for all t ≥ 1 and l ∈ ε
(3)

The above constraints form a polytope in
−→
P space. Let us

denote this polytope byP. Using (1) and (2), the maximum
achievable data rate for linkl in slot t is

Xt(l) = W (l)

(

G(T (l), R(l))Pt(l)
∑

k 6=l G(T (k), R(l))Pt(k) + nR(l)

)

(4)

The average rate of linkl is then defined as
Xavg(l) = lim inf t→∞

1
t

∑t

k=1 Xk(l).
For each linkl, let C(l) be a given minimum required average
data rate, i.e. we must have

Xavg(l) ≥ C(l), for all l ∈ ε (5)

Define the required minimum average rate vector as
−→
C =

(C(1), C(2), · · · , C(Lε)).
The average power consumed by the transmitter of linkl is

thenPavg(l) = lim sup t→∞
1
t

∑t

k=1 Pk(l)

Define the average power vector as
−−→
Pavg = (Pavg(1),

Pavg(2), · · · , Pavg(Lε)). There may or may not exist a se-
quence of network power vectorsP1, P2, · · · that satisfy (2)
and (5). If there does exist a sequence of such network power
vectors, our aim is to minimize a linear function ofPavg. An
example of such a linear function is simply the total average
power

h(Pavg) =
∑

l∈ε

Pavg(l) (6)

The Scheduling and Power Control Problem is then
defined as

min h(Pavg) subject to (2) and (5) (7)

Let us define the value of this cost function as a function of
−→
C denoted byH(

−→
C ). We can absorb constraint (5) into the

cost function and define the potential function

V (
−→
P , β) = h(

−→
P ) +

∑

l∈ε

β(l)[C(l) − X(l)] (8)

Using duality methods, we can show that [1]

H(
−→
C ) = max

β≥0
{ min

−→
P

V (
−−→
Pavg, β) subject to(2)} (9)

Computation of (9) involves optimizing over all schedules of
network power vectors satisfying the peak power constraintin
every slot. However, since the potential functionV is linear
in

−→
P ,

−→
C , and

−→
X , it follows that (9) can be computed by an

optimization over a single slot [1], [2]. Therefore, we can just
focus on solving

maxβ≥0{min−→
P

V (
−→
P , β)}

s.t.
−→
P ∈ P

(10)

It can be shown [1] thatV is element-wise concave in terms
of

−→
P . Therefore, the minimization problem takes its optimal

value at the extreme points of polytopeP. In other words, the
optimal schedule should be in such a way that at most one
of the links emanated from each node is active. That link, if
there is any, should be sending data at full allowable power
[2].

For simplicity, we show themth extreme point ofP by Pm
ext.

ConsideringM as the total number of extreme points, we will
need to solve the following max-min problem:

H(
−→
C ) = max

β≥0

{

min
m

V (Pm
ext, β) : 1 ≤ m ≤ M

}

(11)
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This optimization problem can be solved by a linear pro-
gram:

max T

s.t.
T −

∑

l∈ǫ

Pm
ext(l) −

∑

l∈ǫ

β(l)(C(l) − Xm(l)) ≤ 0

m = 1, · · · ,M

(12)

The problem with this method is,M , the number of extreme
points (constraints) grows exponentially with the number of
links in the network, and therefore it is not possible to find
the solution for large values ofM . In the next section, we
introduce an efficient mechanism to solve this optimization
problem.

Let us denote the extreme points that minimizeV (
−→
P , β) by

P i and their total number byK. Assuming feasibility, it can
be shown that there exists a vector

−→
λ such that [1]:

∑K

i=1 λi = 1

Xavg(l) =
∑K

i=1 λiX
i(l) = C(l)

(13)

The value ofλi indicates the relative frequency that the power
vectorP i should be utilized in an optimal policy.

Therefore, the main challenge is to find the optimal solu-
tions of (12). In our algorithm, as will be shown in the next
section, we insert the constraints iteratively to take advantage
of the fact that we need at mostLǫ + 1 transmission modes
in the optimal solution.

B. Scheduling, Power Control, and Routing

In the power control-scheduling problem link rates,C(l),
were fixed and the algorithm finds the optimal power allocation
vectors and their scheduling frequency. The routing problem
should find the optimal link rates for a given end-to-end traffic
demand matrix as well.

Now, assume we have a set of source-destination (S-D) pairs
{(i, j)}. Suppose that for each S-D pair the desired traffic
demand is known. Solution to the joint routing, scheduling and
power control problem specifies links’ average traffic rates,
power vectors and scheduling frequency of power vectors
such that the given traffic demand and maximum power
constraints are satisfied. Our objective is to find the solution
with minimum average power consumption. Let us then define
vij(l) as the portion of flow in linkl that belongs to the S-D
pair {(i, j)}. The mathematical statement of the joint routing
scheduling, and power control problem will be as follows,

min
∑

l Pavg(l)
s.t.
a. 0 ≤

∑

l∈ε(i) Pt(l) ≤ Pmax(i) and
b. 0 ≤ Pt(l), for all t ≥ 1 and l ∈ ǫ

c.
∑

l∈Ip

vij(l) −
∑

l∈Op

vij(l)

=







0 p 6= i or j

−dij n = i

dij n = j

d.
∑

ij vij(l) = C(l)

e. Xavg(l) ≥ C(l), for all l ∈ ǫ

(14)

whereIn andOn are sets of links entering and leaving node
n respectively. Equations (12c) and (12d) define a polytope
that we denote byC. For a rate vector

−→
C to be a route, it

must be on this polytope.

III. POWER CONTROL, SCHEDULING AND ROUTING

ALGORITHMS

In this section we will introduce a new algorithm that can
find the optimal power control, scheduling, and routing for
large networks. We first explain the power control-scheduling
algorithm for the fixed routing and then extend the algorithm
to compute the optimal power control, scheduling, and routing
simultaneously.

A. The power control-scheduling algorithm

Recall that to compute the optimal scheduling and power
control for a given routing we have to solve the optimization
problem given in (12). The problem with this method is
that the number of extreme points (constraints),M , grows
exponentially with the number of links in the network, and
therefore it is not possible to find the solution for large values
of M .

A common approach to deal with large number of con-
straints in linear programs is cutting plane methods [6]1.
Instead of dealing with all constraints, the cutting plane
algorithm considers a subset of constraintsI and form the
relaxed problem:

max T

s.t.
T −

∑

l∈ǫ

Pm(l) −
∑

l∈ǫ

β(l)(C(l) − Xm(l)) ≤ 0

m ∈ I

(15)

We use Kelly’s convex cutting plane algorithm [6] which is
basically an iterative algorithm for introducing new constraints
into the constraint subset. We initialize the constraint set I1

by selecting one of the extreme points ofP arbitrarily and
forming its corresponding constraint.

At each iteration, e.g.k, we solve the relaxed optimization
problem (15) with constraint setIk instead ofI. Let (Tk, βk)
be the optimal solution of the relaxed problem. There are
two possibilities: (1) If(Tk, βk) is a feasible solution for the
original optimization problem, then we are done and we have
found an optimal solution for that problem too. (2) If(Tk, βk)
is not feasible we have to find a violated constraint and add it
to the constraint set to formIk+1 and start the next iteration.
We need a method to check if(Tk, βk) is a feasible solution.

Definition: Suppose that we have a candidate solution for
a linear program (LP). A separationOracle [7] determines
if the solution is feasible. If the solution is not feasible,the
separation Oracle finds a hyperplane that separates the solution
from the feasible region.

1In fact, cutting plane methods are usually used in the more general context
of convex programming
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We formulate the following Oracle optimization problem:

min

(

∑

l

P (l) + βk(l)(C(l) − X(P (l)))

)

s.t.
−→
P ∈ P

(16)

As explained before, subject to feasibility, there is always an
optimal solution in the extreme points of the power polytope,
P. Therefore, similar to the concave programming problems,
branch and bound algorithms converge in finite number of
iterations, and in fact, in most practical cases the algorithm
finds the optimal solution fast. We use GAMS [8] software
which is based on the branch and bound algorithm. The
library of GAMS that analytically finds the global optimum
is BARON [9]. BARON uses a modified branch and bound
method named as branch and reduce. The linear program as
well as the core code is performed by MATLAB software. In
the simulation results we elaborate more on the computation
time of the algorithm. The essence of the algorithm is as
follows.

In summary, at iterationk, we solve the following LP:

max T

T −
∑

l∈ǫ

Pm(l) −
∑

l∈ǫ

β(l)(Cm(l) − Xm(l)) ≤ 0

m = 1, · · · k

(17)

Let βk be the solution of the above LP in iterationk, which
will be used in the following non-linear Oracle problem to
test optimality:

min−→
P

(
∑

l P (l) +
∑

l βk(l)(C(l) − X(l)))
s.t.
−→
P ∈ P

(18)

We then add the new
−→
P vector to form a new constraint for

the next iteration. In the following we prove that the algorithm
converges in finite iterations to the optimal solution.

Lemma 1: The proposed algorithm converges after finite
number of iterations.

Proof: See [10]
Lemma 2: After convergence the value of both linear and

nonlinear (global) optimizers will be equal toH(
−→
C ).

Proof: See [10]
Theorem 1: The set of power modes after convergence,

{
−→
P 1, · · · ,

−→
Pm}, satisfy the rate requirement. In other words,

there is a non-negative time sharing,λ1, · · · , λm that

a.
∑

λi = 1

b.
∑

λi.
−→
X i =

−→
C

c.
∑

λi

∑

l P
i(l) = H(

−→
C )

(19)

Proof: See [10]

B. Power Control, Scheduling and Routing

We extend the power control-scheduling algorithm devel-
oped in section III.A to find the optimal routing too. The
routing algorithm described in [1] has scalability problems,

since it has to consider all extreme points of the power poly-
tope explicitly and relies on iterative gradient based updates
of the routing parameters. Both these issues are resolved in
our algorithm.

The problem formulation is given in (14). In Section II.A,
we explained that by using duality and due to linearity inP

andX, we need to only solve the optimization problem given
in (10). Similarly, we can use the duality theorem for linear
programs and linearity of (14) inP , X and C to show that
for the joint power control, scheduling, and routing problem
it is sufficient to solve the following optimization problem.

maxβ≥0{min−→
P ,

−→
C

V (
−→
P , β,

−→
C )}

s.t.
−→
P ∈ P and

−→
C ∈ C

(20)

Here, we introduce
−→
C as one of the arguments of function

V (), since it is not constant and we seek to find its optimal
value. The problem can be rewritten as an LP:

max T

s.t.

T − V (
−→
P , β,

−→
C ) ≤ 0 for all

−→
P ∈ P and

−→
C ∈ C

(21)

Recall that the functionV () is element wise concave in
−→
P

and linear in
−→
C . Hence, the optimal solution can be found

in extreme points of polytopesP and C. Similar to the
power control-scheduling case we use the Kelly’s cutting plane
method to devise an iterative algorithm as follows:

At Iterationk we solve the following master linear program
with k constraints:

max T

T −
∑

l∈ǫ

Pm(l) −
∑

l∈ǫ

β(l)(Cm(l) − Xm(l)) ≤ 0

m = 1, · · · k

(22)

Let (Tk, βk) be the optimal solution of (22) at Iterationk;
βk, will be used in the following non-linear Oracle problem

min−→
P ,

−→
C

(
∑

l P (l) +
∑

l βk(l)(C(l) − X(l)))

s.t.
−→
C ∈ C and

−→
P ∈ P

(23)

If the Oracle optimal value is less thanTk, then the corre-
sponding solution(

−→
P k+1,

−→
C k+1) forms a violated constraint

that should be added to the master LP constraint set for the
next iteration. Otherwise, the algorithm has converged.

We can further simplify the last step as follows. The
potential function in (23) is separable to two functions. The
first one, i.e.

∑

l βk(l)C(l), is the sum of weightedC(l)s and
can be minimized viaDijkstra algorithm [11]. The second
one is simply the potential function in the previous subsection
minus a constant value. Therefore, it does not require a new
technique to find the minimum.

Similar to the scheduling-only case, since the optimal
solution is in the extreme points of the power and routing
polytopes, the cutting plane algorithm converges in finite
number of steps.
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After convergence, the optimal routing vector and the op-
timal transmission strategy will be superposition of all the
−→
C k vectors and

−→
P k vectors respectively. The corresponding

coefficients are similar and are found in the same manner as
described in the proof of Theorem 1.

IV. SIMULATION RESULTS AND DISCUSSION

We consider a square area of 200 by 200 meters for our
simulations. The node locations are selected with a uniform
random generator in this area. We consider networks with
7 to 50 nodes in our simulations. However, in most of the
experiments the number of nodes ranges from 7 to 30. There
is an edge between two nodes of the network graph if the
distance between them is less than a specific value denoted
by dmax. The number of edges ranges from 9 to 102 in our
experiments, with 9 corresponding to a network with 7 nodes
and 102 to a network with 50 nodes. Each edge represents two
uni-directional communication links in the network. Therefore,
the number of communication links is twice the number of
edges of the network graph. For example, in the network
of Fig. 1 we have 102 edges which is equivalent to 204
uni-directional links. The path-loss and shadowing parameter,
G(i, j), is considered proportional to inverse square of the
distance between nodesi and j. The algorithm, however,
works for any other choice ofG(i, j).

The efficient bandwidth of links is 1 MHz, and the noise
power .000010 Watt. The maximum power of a node is
1 Watt. For each network, we randomly pick the source-
destination pairs. The number of source-destination pairsin
a network is about 20% of the total number of nodes. The
end-to-end data-rate from each source to its corresponding
destination is 10 Kbps, so that in all experiments a feasible
solution exists. However, the data rate value does not affect the
properties and efficiency of the algorithm. For each network
size, multiple random networks were generated and the results
were consistent among different runs. Here, we report the
average results of at least 3 experiments for each network
size. Three separate algorithms are studied here: (1) optimal
scheduling and power control using an LP with all extreme
points constraint with minimum hop routing, (2) our proposed
algorithm for scheduling and power control with minimum
hop routing and (3) our proposed joint routing, scheduling
and power control algorithm.

In Fig. 1 the source and destination pairs and the links
that are utilized in the optimal routing solution for each pair
are specified. We represent each source node by⊲ and the
destination node by�. The same color is used for these
symbols and the links that are in the optimal route between
them. Note that in this case the optimal routing has selected
only one path (no multi-path routing) and there is tendency
to select common links for different source-destination pairs.
The same trend is observed in other experiments as we will
discuss later.

In Fig. 2 we have plotted the amount of power con-
sumed. The first curve in this figure represents the amount of
power consumed when using our joint routing and scheduling
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2x102 two way links/50 nodes       rate=10 kbps

Fig. 1. One of the simulated networks with 50 nodes
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Fig. 2. Comparison of the total consummed power

method. The algorithm corresponding to the other curve uses
a minimum route and then finds the best schedule using
our scheduling-only algorithm. Our algorithm consumes, on
average, 15 percent less power. It is one of conclusions of this
work that, in a wireless network the minimum-hop route is
not the power-optimal one.

The number of constraints directly affects the running time
of the algorithm. Fig. 3 compares the running time of the
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Fig. 3. Comparison of the time it takes for each algorithm to converge
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Fig. 4. Comparison of the number of active links

Fig. 5. Generated routes for a network with 51 two-way links (102 single-
way links)

algorithms2. We were not able to run the all-constraint method
for networks with more than 12 edges. Besides the time,
memory is also an issue for the all-constraint method. For ex-
ample, a 15-edged network has at least215×2 = 1Gig extreme
points that needs to be stored. Both algorithms introduced in
this paper are much more time efficient than the previously
proposed algorithms.

If we compare running time curves of the two algorithms
introduced here, it becomes clear that finding the optimal rout-
ing can be very time consuming. In the following we compare
the total power consumption of the optimal routing with the
minimum hop routing when we use optimal scheduling and
power control in both cases to quantify the performance gain
achieved with optimal routing.

Fig. 4 shows the number of active links in each method.
As can be seen the number of links used by the joint routing
and scheduling method is more than that of the minimum-hop
method.

To further study optimal routing characteristics, Fig. 5
shows the topology and optimal routes for a network with
102 links. The optimal route for each source-destination pair
consists of asingle path.

2All simulations were performed by a 2.6 GHz Compaq Xeon computer,
with 256 kb cache and 1 GB of memory.

These results suggest that the interaction between routing,
scheduling and power control is very complex and it is very
important to consider appropriate physical and MAC layer
models in the design of algorithms.

V. CONCLUSION

We proposed a new global optimization algorithm for joint
power control, routing and scheduling to minimize the power
consumption in multi-hop wireless networks. The previously
proposed centralized algorithms are too complex and cannot
be used for large size networks. The distributed algorithms
are in general approximation algorithms. Further, they are
based on the assumption of a node exclusiveness interference
model [12]-[14]. In most practical systems this is not a valid
assumption. Our algorithm is a cutting plane algorithm that
is proved to obtain the global optimum. Simulation results
suggest that the algorithm converges very fast and can be
used for large size networks. Even though our algorithm
is centralized it can provide valuable insight regarding the
characteristics of the optimal solutions and capacity of the
networks.
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