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Abstract—In this paper, we propose a low-complexity scheme
for minimizing energy consumption in a clustered multirate
CDMA sensor network with multiple receive antennas by jointly
controlling the powers and rates of all transmitting sensor nodes.
The non-convex bit-energy optimization model is formulated
by the sum product of transmit-plus-hardware powers and
processing gains. The reason of taking the hardware consumed
power into account is because the consumed energy in hardware
is significant in a dense sensor network. We first optimized
transmit powers by fixing the processing gains. As a consequence,
we acquired the optimal transmit power expressed as a function
of the processing gains. Next we reformulated a new simplified
optimization problem with convexity. Then we can derive two
low-complexity and closed-form algorithms for the transmit
power and rate, respectively. A numerical example verifies our
proposed algorithms have a nice performance in saving energy.

I. INTRODUCTION

It has been all the times that reducing power consumption is
a significant issue in wireless sensor networks. It is also well
known that the energy required to transmit a certain amount of
information grows exponentially with the transmission rate [1].
Thus a satisfactory energy usage efficiency cannot be achieved
when every sensor node uses the same rate for transmission.
How to jointly alter the power and rate of a mobile user
under some constraints is typically investigated in [2]–[5] and
the references therein. In most of literature the considered
power model only contains the transmit power which is not
incorporated with the power consumed by transceiver circuitry.
In this scenario power and rate control algorithms obtained in
the above literature are not very much suitable for a short
range application such as a wireless sensor network. Because
of when the transmission rate is increased, the correspondingly
complicated algorithms for signal processing will inevitably
consume more power which is no longer negligible compared
to the power for transmission [6]–[8].

In a multirate direct-sequence (DS)-CDMA system, chang-
ing rates can be achieved by controlling either the chip dura-
tion of spreading signatures or the bit duration of transmitted
signals. However, in practice changing a bit duration by chang-
ing the processing gain is much easier than changing the chip
duration. Also, the processing gain is also related to the power
consumption: the larger a processing gain, the more power
consumed in the transceiver. Therefore developing a set of
bit-energy optimization algorithms for controlling power and
processing gain at the same time is the objective of our work
in this paper. Accordingly, the optimization problem here we

consider becomes the problem of how to optimally adjust the
transmit power and the processing gain based on the channel
conditions of each sensor node in a flat fading environment. In
this problem there are three constraints on power, processing
gain and signal-to-interference plus noise ratio (SINR). The
power and processing gain constraints come from the hardware
limitations and the minimum required performance. The SINR
model we adopt is based on the received SINR in a single
input and multiple output (SIMO) system, that is, the hub
node every sensor node communicates to is equipped with
multiple antennas and sensor nodes just have a single antenna
for transmission (see Fig. 1). The wireless sensor network
considered here consists of a lot of small clusters. Each cluster
contains certain number of sensor nodes and we assume all of
sensor nodes in a cluster have an identical fading environment.

The objective function in the optimization problem consists
of the sum of the product of power and processing gain. This
optimization problem is a nonlinear programming in nature;
however it is able to be transformed into a simplified objective
function with convexity [9]. Then the low-complexity and
closed-form algorithms of power and rate are able to be found
in the transformed problem. Although using an appropriate
numerical method can arrive at good enough solutions to
the original optimization problem, it could take a long time
to make the numerical recursive algorithm converge. In this
circumstance, it is required that an easier method of attaining
accurate results be crucial and necessary, especially in energy-
limited applications. The procedure of solving the optimization
problem is first to optimize the transmit power by assuming the
processing gain as a fixed parameter. Next, the processing gain
is optimized by substituting the optimized transmit power into
the original objective function and we replaced this objective
function with a simplified convex function which gives us a
closed-form solution.

The rest of this paper is organized as follows. We de-
scribe the SIMO wireless sensor system and the bit energy
optimization problem in Section II. Then we propose two
low-complexity closed-form algorithms for the power and
processing gain of each sensor node, respectively in Section
III. Section IV presents a numerical example of verifying the
proposed algorithms and Section V concludes our work.

II. SYSTEM MODEL AND PROBLEM FORMULATION

A schematic presentation of a clustered wireless sensor
network communicating with a remote hub node equipped
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Fig. 1. A Clustered CDMA Sensor Network with Multiple Receive Antennas

with multiple receive antennas is illustrated in Fig. 1. We
consider the DS-CDMA uplink of a single cluster in which
there are K active sensor nodes with K different transmission
rate requirements. In this system the hub node is equipped
with Mr receive antennas which collects all transmitted data
from all sensor nodes, and each sensor node only has a
single antenna for transmission. This configuration constructs
a SIMO communication link between a sensor node and the
hub node. We assume that the channels between transmitter
antennas and receiver antennas are independent flat fading and
perfectly known to the transmitters and receivers. The received
signal of each antenna at the hub node is multiplied by an opti-
mized beamforming weight to reinforce the subsequent signal
processing for extracting the desired signals. Accordingly the
received signal ouput of the correlation filter of sensor node
k is

yk =
1

Tbk

∫ Tbk

0

skw
†
k(Hx + n)dt (1)

where Tbk
is the bit duration of the transmitted signal from

sensor node k, wk = [w1, w2, . . . , wMr
]T is the weight vector

of receive beamforming, H = [hkj ]Mr×K is the channel gain
matrix in which hkj represents the channel gain between the
kth active sensor node and the jth receive antenna of the
hub node , n = [n1, n2, . . . , nMr

]T is the additive white
Gaussian noise (AWGN) vector with zero mean and same
variance N0 for each entry, sk is the spreading signature of
sensor node k and x = [x1, x2, . . . , xK ]T is the transmitted
signal vector of all K active sensor nodes. It should be
noted that the superscript T and † represent the transpose and
Hermitian transpose, respectively. The receive beamformer for
some particular sensor should mitigate the effect of multiple
access interference (MAI) on its received signal and strengthen
the signal portion of interest at the same time. Hence, the
weight values should be compromised at some point which
can favor the desired sensor node and at the same time detest
the interfering sensor nodes. In this paper we use a linear
minimum mean-square error (MMSE) receiver at the hub node
for each sensor node. In order to maintain a good quality of
received signals the SINR should be higher than a threshold.
The SINR of sensor node k, γk , can be expressed as follows

γk =
Gkw

†
khkh

†
kwkPk

w†
kHk−Ik−H†

k−wk + N0Bw|wk|2
(2)

where Gk is the processing gain of sensor node k, hk

is the kth column of the channel gain matrix H in (1),
Ik− = diag[I1k

P1, . . . , Ik−1k
Pk−1, Ik+1k

Pk+1, . . . , IKk
PK ]

is the MAI matrix with unity channel gain in which Imk
is

the MAI with unity transmitted power between sensor node m
and sensor node k, Bw represents the bandwidth, Hk− denotes
the channel matrix H without the kth column and Pk is the
transmitted power of sensor node k. The receive beamforming
of sensor node k in (2) if using an MMSE receiver can be
shown as

wk = (hkh
†
k + Hk−Ik−H†

k− + BwN0IMr
)−1hk (3)

where IMr
is an Mr × Mr identity matrix.

Since the most important limited resource in wireless sensor
networks is the battery energy, how to minimize the consumed
energy in the battery of a sensor node is a significant issue. Our
objective in this paper is to minimize the energy consumption
in a sensor network by developing a low-complexity control
algorithm of powers and rates. An easier metric for evaluating
the energy efficiency is the consumed energy per transmitted
bit. The energy optimization problem turns out to a problem
of maximizing the throughput when the consumed power is
minimal. We consider to formulate a bit-energy optimization
problem with SINR, power and rate constraints. The bit energy
is equal to power times a bit duration, and a bit duration
is equal to the processing gain times a chip duration. Since
changing the chip duration in a real time scenario makes
the transceiver design become much complex, varying the bit
duration to satisfy the transmission rate requirement is more
preferable in practice. So the bit energy optimization problem
can be formulated as an optimization problem of minimizing
the sum product of powers and processing gains of all active
sensor nodes since the chip duration is a fixed number in the
system.

Processing gain optimization is seemingly not necessary in
that the gain must be kept as large as possible for maintain-
ing a sufficient orthogonality between spreading sequences.
However, using large processing gain augments the design
complexity of signal processing and consequently consumes
more power in order to acquire a marginal benefit of MAI
suppression. Thus, it is essential for us to take the optimization
issue of Gk into account because the power consumed by
circuitry is no longer negligible in a short-range scenario, such
as a wireless sensor network. Thus we can model this situation
as a objective function of a sensor node’s consumed power
in circuitry and transmission multiplied by its processing
gain. Consequently the optimization problem of bit-energy
minimization can be written as



min
{Pk,Gk}

K∑
k=1

(Pc + Pk)Gk

subject to
γk ≥ γ∗

k ,

0 < Pk ≤ Pmax,

G0 ≤ Gk ≤ Gmax,∀k ∈ [1,K]

(4)
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where Pc represents the power per bit consumed by the
circuitry of each sensor, γ∗

k is the SINR threshold of sensor
node k and it is a function of Gk, Pmax and Gmax denote
the upper limits of the transmit power and the processing gain
that transceivers can support, and G0 is a lower bound of Gk.
Since the sum of the product of powers and processing gains
in the objective function and in the SINR constraint, (4) is not
convex.

III. JOINT LOW-COMPLEXITY SCHEMES OF POWER AND

RATE CONTROL

The nonlinear optimization problem (4) contains two vari-
ables to be optimized. According to theorem 1 in [10],
optimization for two variables can be obtained by fixing one of
the variable first. However, if we fix one of the variable while
solving the other variable this sort of optimization problem
is basically a linear programming and much easier to solve.
The point now is which variable should be fixed first. For
our problem (4) letting Gk be the fixed variable is a better
choice since it makes the problem become much tractable in
mathematics. The following gain-fixed approach demonstrates
a low-complexity procedure of solving (4).

A. The gain-fixed approach

The gain-fixed optimization problem of fixing the process-
ing gain Gk reformed from (4) is shown as follows:


min
{Pk}

K∑
k=1

Pk

subject to
Pmax ≥ Pk ≥ γ∗

k

γ0
∀k ∈ [1, . . . , K]

(5)

where γ0 = γk/Pk. Therefore, if the constraints are satisfied
in (5), i.e. the feasible set of Pk is not empty, then there must
exist a feasible solution of Pk. This point can be clarified in
the next proposition:
Proposition 1: If all the constraints in (5) are satisfied, i.e.
the feasible set is not empty, then there must exist a feasible
solution of Pk, and the optimal transmit power for sensor node
k is

P̃ ∗
k = min

{
Pmax, γ

∗
k

w†
kHk−Ik−H†

k−wk + N0Bw|wk|2
Gkw

†
khkh

†
kwk

}
(6)

Proof: Let Φk(P̃k) = P̃k − γ∗
k

γ0
and the optimal so-

lution to (5) is P̃∗ = [P̃ ∗
1 , ..., P̃ ∗

K ]. Then it follows that∑K
k=1 P̃ ∗

k ≤ ∑K
k=1 P̃k for any feasible power vector P̃ =

[P̃1, ..., P̃K ]. Since for some sensor node k, 1 ≤ k ≤ K,
Φk(P̃ ∗

k ) < P̃k − BwN0γ∗
k

Gk|w†
khk|2 , there must be some increment

∆P̃k > 0 such that replacing P̃k by P̃ ∗
k = P̃k − ∆P̃k and

keeping the transmit powers of other sensor nodes unchanged
result in

∑K
k=1 Φk(P̃ ∗

k ) <
∑K

k=1(P̃
∗
k − γ∗

kBwN0

|w†
khk|2Gk

) + ∆P̃k <∑K
m=1(P̃

∗
m− γ∗

mBwN0

|w†
mhm|2Gm

)+∆P̃m if ∆P̃k ≤ ∆P̃m, for m �= k,

and if P̃∆k
= [P̃ ∗

1 , ..., P̃ ∗
k + ∆P̃k, ..., P̃ ∗

K ] then P̃∆k
is also a

feasible solution to problem (5). However, it is easy to verify

that
∑K

k=1 P̃k is strictly greater than
∑K

k=1 P̃ ∗
k by the amount

∆P̃k. Therefore, the transmit power for sensor node k that
meets the equality in the constraint in (5) is optimal, and then
(6) can be obtained from the constraint by including the power
upper limit.

The first step of the gain-fixed approach is completed by
arriving at (6). Next we should solve the second subproblem
by substituting (6) into (4). However this directly substitution
will make the whole problem difficult to solve so that it is
impossible to obtain a closed form solution. We therefore have
to respectively make a variable change for Gk and Pk and then
solve the optimization problem of the new variable. We start
with the constraint of Gk in (4). By summing up the the right
hand ride of (6) for all K sensors if considering the case that
the optimal power is always less than Pmax, we can have

K∑
k=1

w†
khkh

†
kwkP̃ ∗

k =
K∑

k=1

γ∗
k |yk|2

Gk + γ∗
k

(7)

where yk is defined in (1). Now define αk = (|yk|2 −
NoBww†

kwk)/(
∑K

k=1 w†
khkh

†
kwkPk) (note that αk < 1 if

K > 1) and then substitute it into (7) we arrive at
K∑

k=1

w†
khkh

†
kwkP̃ ∗

k =
BwN0

∑K
k=1 w†

kwkθk

1 − ∑K
k=1 αkθk

(8)

where θk = γ∗
k

γ∗
k+Gk

. Since the sensor nodes in a cluster will
experience a very similar fading environment, virtually there
does not exist too much discrepancy between different αk

since all sensors in the cluster have a similar magnitude of
fading channel gain so that the numerator of αk for different
sensors are very close if MAI is suppressed very well, and
thus we can assume α = α1 � α2 � . . . � αK . With this
assumption, the power of sensor node k can be obtained from
(8) as

P̃ ∗
k =

BwN0θkw
†
kwk

(1 − αΘ)w†
khkh

†
kwk

(9)

where Θ =
∑K

k=1 θk. We can adopt α = 1
K

∑K
k=1 αk and it

can be estimated at the hub node during a training period. The
processing gain of sensor node k evolved from θk is

Gk = γ∗
k

(
1
θk

− 1
)

(10)

We can see that the power and processing gain of sensor node
k are expressed in terms of θk. The optimization problem
(4) can be transformed to another optimization problem with
parameter θk by substituting (9) and (10) into it. The constraint
of θk inferred from 0 < P̃ ∗

k ≤ Pmax is

0 < θk ≤ (1 − αΘ)Pmax

BwN0w
†
kwk

w†
khkh

†
kwk (11)

and the constraint on Θ can be obtained from (11) as

0 < Θ ≤
∑K

k=1 w†
khkh

†
kwkPmax/BwN0w

†
kwk

1 + α
∑K

k=1 w†
khkh

†
kwkPmax/BwN0w

†
kwk

(12)

In the next section we will use (9) and (10) to reformulate a
new optimization problem of θk.
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B. The Closed-Form Algorithms

The optimization problem (4) transformed by substituting
(9) and (10) into it is as follows



min
{θk}

K∑
k=1

BwN0γ∗
kw†

kwk

(1−αΘ)w†
khkh†

kwk
(1 − θk) + γ∗

kPc

θk

subject to
0 < θk ≤ �k(1 − αΘ)

0 < Θ ≤
∑ K

k=1 �k

1+α
∑ K

k=1 �k
, ∀k ∈ [1, . . . ,K]

(13)

where �k
def= Pmaxw

†
khkh†

kwk

BwN0w
†
kwk

. The solution to the above ob-

jective function is hard to find since we need other constrains
of θk to ensure its convexity. In order to reduce the problem
complexity and make it easily be implemented we propose
another objective function below instead of that in (13):

min
{θk}

K∑
k=1

BwN0γ
∗
kw

†
kwk

(1 − αΘ)w†
khkh

†
kwk

(1 − θmin) +
γ∗

kPc

θk
(14)

where θmin
def= min{γ∗

1 ,...,γ∗
K}

min{γ∗
1 ,...,γ∗

K}+Gmax
. This objective function is

great or equal to that in (13) and it also has a convex property
as shown in the following proposition:
Proposition 2: The objective function (14) is convex if αΘ <
1.

Proof: Let F(θ1, . . . , θK) be the objective function (14).
The second-order partial derivative of F(θ1, . . . , θK) with
respective to θk is given by

∂2F

∂θ2
k

=
2α2BwN0(1 − θmin)

(1 − αΘ)3
Σγw +

2γ∗
kPc

θ3
k

(15)

where Σγw
def=

∑K
k=1

γ∗
kw†

kwk

w†
khkh†

kwk
. Now taking derivative of

F(θ1, . . . , θK) with respect to two different elements θk and
θj , we have

∂2F

∂θk∂θj
=

2α2BwN0(1 − θmin)
(1 − αΘ)3

Σγw (16)

Then the relationship between ∂2F(Θ)
∂2θk

and ∂2F(Θ)
∂θkθj

is obtained
from (15) and (16) as

∂2F

∂θ2
k

=
∂2F

∂θk∂θj
+

2γ∗
kPc

θ3
k

(17)

Hence the Heissian Matrix of F(Θ), i.e. ∇2F, is expressed as

∇2F = Hc + Hd (18)

where Hc denotes the K × K square matrix with the kth
row as ∂2f

∂θk∂θj
[1, . . . , 1]1×K for any j �= k and Hd represents

the diagonal matrix with the kth diagonal entry as 2γ∗
kPc

θ3
k

.
Obviously Hd is positive definite, while Hc is positive definite
as well because for any non-zero vector z = [z1, . . . , zK ]T

with K elements we obtain

zTHcz =
2α2N0(1 − θmin)Σγw

(1 − αΘ)3
(z1 + z2 + . . . + zK)2 > 0

(19)

because αΘ < 1. Therefore, ∇2F is a positive definite matrix
and then (14) is convex [9], [11].

The assumption αΘ < 1 is attainable by setting an appro-
priate number of sensors K in a cluster since Θ will increase
as K increases, which means αΘ < 1 might not always hold.
Since (14) is a convex function, we can then solve it for some
particular sensor node k and use the expression of θk to derive
the transmit power and the processing gain of sensor node k
from (9) and (10), respectively. That means we can achieve
the closed-form algorithms of transmit powers and rates of all
sensor nodes as stated in the following proposition.
Proposition 3: Suppose K is an appropriate number of
sensors in a cluster such that αΘ < 1 and there exists a
feasible optimal solution θ∗k in (14). The closed-form algorithm
for the transmit power of sensor node k can be derived from
(9) and θ∗k as

P ∗
k = min

{
Pmax,

BwN0θ
∗
kw

†
kwk

(1 − αΘ)w†
khkh

†
kwk

}
(20)

and the closed-form algorithm for the transmission rate of
sensor node k acquired from (10) and θ∗k is

R∗
k =

1

min
{

Gmax,max
{

G0, γ∗
k

(
1
θ∗

k
− 1

)}}
Tc

(21)

where θ∗k = εk√
α+α

∑ K
k=1 εk

, εk =
√

γ∗
kPc

BwN0(1−θmin)Σγw
and Tc

is the chip duration.
Proof: After taking the derivative of F(θ1, . . . , θK) with

respect to θk and letting it equal to zero, we have

αBwN0(1 − θmin)Σγw

(1 − αΘ)2
=

γ∗
kPc

(θ∗k)2
(22)

⇒ θ∗k =

√
γ∗

kPc

αBwN0(1 − θmin)Σγw
(1 − αΘ) =

εk√
α

(1 − αΘ)

(23)
(23) is a feasible solution for (14) if εk ≤ √

α�k. Next adding
up (23) for all K sensor nodes and solving for Θ, then θ∗k is
given by

θ∗k =
εk√

α + α
∑K

k=1 εk

(24)

Thus (20) and (21) can be derived by substituting (24) into
(9) and (10), respectively.

All the parameters in (20) and (21) are available in the hub
node where these two algorithms are performed and then the
optimal results of powers and rates are distributed to every
sensor node. A numerical example in the next section verifies
that these two closed-form algorithms provide similar results
compared with the results from the exact optimal solution.

IV. NUMERICAL EXAMPLE

In this section, we provide a numerical example to verify the
proposed low-complexity algorithms in the previous section.
Suppose we consider a cluster with a diameter 5 meters in
which there are 25 active sensor nodes randomly distributed.
The hub node with 4 receive antennas is located at 30
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meters away from the center of the cluster. For simplicity,
the threshold of the received SINR γ∗ is set to 7 dB for all
sensor nodes. The spread spectrum bandwidth is Bw = 1.25
MHz and the single-sided power spectrum density of AWGN
is N0 = 1×10−15 W/Hz. For sensor node k, the channel gain

is given as hkj = gegtgrλ2
c

16π2d2
0

(
dkj

d0

)−µ

ξkj in which the first term
at the right hand side is the path loss of the reference distance
d0 , ge is the signal processing gain and gt and gr are the
antenna gains of the transmitter and the receiver, respectively,
and λc is the wavelength of the carrier. We take d0 = 1m,
gegrgt = 2. We also set the carrier frequency to 1.5 GHz.
Let dkj be the distance between sensor node k and the jth
antenna at the hub node. The fading parameters ξkj are zero-
mean Gaussian random variables with variance 1. Finally, µ
is the path loss exponent and is assumed as 2 in simulations,
i.e. we consider a free space environment [12]. The simulation
is running from 0 to 500 seconds, and the channel gains of
all sensor nodes are changed every 50 seconds. As shown in
Fig. 2, the proposed power algorithms have a much lower
average energy needed for transmitting one bit if compared
to the power control algorithm with using constant processing
gain for all sensor nodes, and especially the results from the
closed-form algorithms have a perfect match with the results
from the exact optimal solutions. Fig. 3 presents the average
transmission rate of each sensor node in the system. It is
apparent that the closed-form results outperform the constant
transmission rate strategy if using the same power control for
each sensor node.

V. CONCLUDING REMARKS

Two low-complexity and closed-form algorithms for con-
trolling the power and the processing gain are proposed to
minimize the consumed bit energy of each sensor node in
the uplink SIMO flat fading channels under multirate and
SINR constraints. The non-convex objective function to be
optimized is formulated as the sum of each sensor node’s
power multiplied by its processing gain. This optimization
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Fig. 2. Simulations of the average consumed bit energy per sensor node
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model was motivated from the bit energy that is obtained by
the transmit-plus-hardware power divided by the transmission
rate. The reason of taking the circuitry power into account
is because the consumed energy in hardware is significant in
a dense wireless sensor network. We optimized the transmit
powers by fixing the processing gain first. Next, the processing
gain is optimized by substituting the optimized power into the
original optimization problem. Then, the original problem can
be transformed to a new optimization problem with convexity
by approximation. A numerical example verifies that our
proposed algorithms have a nice performance in saving energy.
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