
 
 

 

  

Abstract—This paper is concerned with modeling of time-
varying wireless fading channels, parameter estimation, 
identification, and optimal power control from received signal 
measurements. Wireless channels are represented by stochastic 
differential equations, which parameters and state variables 
are estimated using Expectation Maximization and Kalman 
filtering, respectively. The latter are carried out solely from 
received signal measurements. Numerical results are presented 
to test the efficiency of the proposed channel estimation and 
identification algorithms. An optimal power control algorithm 
based on the estimated parameters and channel states is 
proposed. Numerical results indicate that a significant gain in 
performance can be achieved using the proposed approach. 

I. INTRODUCTION 
IME-varying (TV) wireless channel models capture both 
the space and time variations of wireless systems, which 

are due to the relative mobility of the receiver and/or 
transmitter and scatterers [1]-[3]. This contrasts with the 
majority of published work that mainly deals with static 
random models or simple free space model [4]-[11]. This 
paper is concerned with the development of TV long-term 
fading (LTF) wireless channel models based on system 
identification and estimation algorithms to extract various 
parameters of the LTF channel using received signal 
measurements. The majority of research papers in this field 
such as in [4]-[6] use time-invariant (static) models for 
wireless channels. In time-invariant models, channel 
parameters are random but do not depend on time, and 
remain constant throughout the observation and estimation 
phase. This contrasts with TV models, where the channel 
dynamics become TV random (stochastic) processes [1]-[3]. 
    The TV LTF channel model is introduced in [2], [3] and 
represented by stochastic differential equations (SDEs). We 
propose to estimate the TV power path-loss of the LTF 
channel and its parameters from received signal 
measurements, which are usually available or easy to obtain 
in any wireless network. The Expectation Maximization 
(EM) algorithm and Kalman filtering are employed in the 
identification and estimation processes. Numerical results 
are provided to determine the performance of the proposed 
estimation algorithm. 
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    The developed TV LTF channel model from received 
signal level measurements is useful in most wireless 
applications. It is used in developing an optimal power 
control algorithm (PCA), which is based on the estimated 
channel parameters from received signal measurements. The 
benefits of power minimization are not only increased 
battery life, but also increased overall network capacity. The 
power allocation problem has been studied extensively as an 
eigenvalue problem for non-negative matrices [7], [8], 
resulting in iterative PCAs that converge each user’s power 
to the minimum power [9], [10], and as optimization-based 
approaches [11]. Much of this previous work deals with 
static time-invariant channel models. 
    The proposed PCA is based on predictable power control 
strategies (PPCS) that were first introduced in [1].  PPCS 
simply means updating the transmitted powers at discrete 
times and maintaining them fixed until the next power 
update begins. The PPCS algorithm is proven to be 
effectively applicable to such dynamical models for an 
optimal power control (PC). A distributed version of this 
algorithm is derived along the lines of [9] and [10], albeit 
based on the estimated model. The latter helps in allowing 
autonomous execution at the node or link level, requiring 
minimal usage of network resources for control signaling.  
    The paper is organized as follows. In Section II, the TV 
LTF mathematical channel model is introduced. In Section 
III, the EM algorithm together with the Kalman filter, to 
estimate the channel parameters as well as the channel 
power path-loss from received signal measurements, is 
developed. In Section IV, a PCA based on the proposed LTF 
channel model and the estimation algorithms is discussed. In 
Section V, numerical results are presented. Finally, Section 
VI provides the conclusion. 

II. TV LTF WIRELESS CHANNEL MATHEMATICAL MODEL  
    Wireless channels suffer from short-term fading (STF) 
due to multipath, and LTF due to shadowing depending on 
geographical area. In suburban areas, which are populated 
with less obstruction like vehicles, buildings, mountains and 
so forth, its communication signal undergoes phenomenal 
LTF (lognormal shadowing) [6]. 
    The time-invariant power loss (PL) in dB is given by [6]: 

0 0
0

( )[dB] : ( )[dB] 10 log ,dPL d PL d Z d d
d

α
⎛ ⎞

= + + ≥⎜ ⎟
⎝ ⎠

   (1) 

where 0( )PL d  is the average PL in dB at a reference 
distance d0 from the transmitter, the distance d corresponds 
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to the transmitter-receiver separation distance, α  is the 
path-loss exponent which depends on the propagating 
medium, and Z  is a zero-mean Gaussian random variable. 
    In TV environment, the random PL in (1) is relaxed to 
become a random process, denoted by { }

00,( , ) τ ττ
≥ ≥tX t , 

which can be generated by a mean-reverting version of a 
general linear SDE given by [3]: 
 

( )

0

2
0

( , ) ( , ) ( ( , ) ( , ) ( , ) ( ),

( , ) ( ( )[ ]; )

τ β τ γ τ τ δ τ

τ σ

= − +

= t

dX t t t X t dt t dW t

X t N PL d dB
 

(2) 

where ( ){ } 0≥t
W t  is the standard Brownian motion (zero 

drift, unit variance) which is assumed to be independent of 
( )0 ,τX t , ( ; )µ κN  denotes a Gaussian random variable 

with mean µ  and variance κ , and ( )[ ]PL d dB  is the 
average PL in dB. The parameter ( ),γ τt  models the 
average time-varying PL at distance d from transmitter, 
which corresponds to ( )[ ]PL d dB  at d indexed by t. This 
model tracks and converges to this value as time progresses. 
The instantaneous drift ( ) ( )( ), , ( , )β τ γ τ τ−t t X t  represents 

the effect of pulling the process towards ( ),γ τt , while 

( ),β τt  represents the speed of adjustment towards this 

value. Finally, ( ),δ τt  controls the instantaneous variance or 
volatility of the process for the instantaneous drift.   
    This model captures the spatio-temporal variations of the 
propagation environment as the random parameters 

( ) ( ) ( ){ } 0
, , , , ,

t
t t tβ τ γ τ δ τ

≥
 can be used to model the TV 

characteristics of the LTF channel. The received 
signal, ( )y t , at any time t can be expressed as: 

( ) ( ) ( ) ( )= +y t s t S t v t  (3) 

where ( )s t  is the information signal, ( )v t  is the channel 

disturbance or noise at the receiver, and ( )S t  is the signal 

attenuation coefficient defined by ( , )( ) τkX tS t e , where 
ln(10) / 20= −k  [6]. 

    The general spatio-temporal lognormal model in (2) and 
(3) can be realized by stochastic state space given by: 
 

( ) ( ) ( ) ( ) ( )
( ) ( ) ( ) ( ),

, , , ,
τ

τ τ τ τ= +

= +kX t

X t A t X t B t w t

y t s t e v t
 (4) 

where ( ) ( ), ,A t tτ β τ= − , ( ) ( ) ( ) ( ), , , ,B t t t tτ δ τ β τ γ τ= ⎡ ⎤⎣ ⎦  

and ( ) [ ]( ) 1 Tw t dW t= .  
    The above system parameters and state variable values 
can be estimated from received signal measurements, which 
are usually available or easy to obtain in any wireless 
network. The EM algorithm and Kalman filtering are 
employed in the system parameters and state estimation, 
respectively. These algorithms are introduced next. 

III. LTF WIRELESS CHANNEL ESTIMATION VIA THE EM 

ALGORITHM AND KALMAN FILTERING 
This section describes the procedure employed to estimate 

the channel model parameters and states associated with the 
state space model in (4), based on the EM algorithm [12] 
together with Kalman filtering [13]. However, for simplicity 
we consider the discrete-time version of (4) given by: 

1

t

t t t t t
kx

t t t t

x A x B w

y s e D v
+ = +

= +
 (5) 

where n
tx ∈R  is a state vector, d

ty ∈R  is a measurement 
vector, m

tw ∈R  is a state noise, and d
tv ∈R  is a 

measurement noise. Note that the state space model is 
nonlinear since the output equation in (5) is nonlinear. We 
consider the general form of state space form since the 
estimation algorithm is derived for the general case. 
However, in (4), we have n = d = 1 and m = 2.  
    The unknown system parameters { }, ,t t t tA B Dθ =  as well 
as the system states tx  are estimated through a finite set of 
received signal measurement data, { }1 2, ,...,=N NY y y y . The 
methodology proposed is recursive and based on the EM 
algorithm combined with the extended Kalman filter (EKF).  
The latter is used due to the nonlinear output equation. 
 

A. Channel State Estimation: The EKF 
    The EKF approach is based on linearizing the nonlinear 
system model (5) around the previous estimate. It estimates 
the channel states tx  for given system parameter 

{ }, ,θ =t t t tA B D  and measurements tY . It is described by the 
following equations [13]:   

( )

( )|

|

| 1| 1

| 1| 1

2
| 1| 1 | 1| 1

| 1 1| 1

ˆ
|

ˆ

ˆ ˆ ˆ

ˆ ˆ

− −

− −

−
− − − −

− − −

=

=

= + −

=

= =
t t

t t

t t t t

t t t t

T
t t t t t t t t t t t t t t

t t t t t

kx

kx
t t t x x

t t
x x

x A x P C D y C A x

x A x

d e
C s s ke

dx

 

(6) 

where 0,1,2,...,=t N , and |t tP  is given by: 
1 1 2

| 1| 1

1 2 2 2 2
| |

2
| 1 1| 1

− − −
− −

− − − − −

− − −

= +

= + −

= +

T
t t t t t t t

T T
t t t t t t t t t t t

T
t t t t t t t

P P A B A

P C D C B B P A B

P A P A B

 (7) 

The channel parameters { }, ,θ =t t t tA B D  are estimated 
based on the EM algorithm, which is introduced next. 
 

B. Channel Parameter Estimation: The EM Algorithm 
    The EM algorithm uses a bank of Kalman filters to yield a 
maximum likelihood (ML) parameter estimate of the state 
space model. It is an iterative scheme for computing the ML 
estimate of the system parameters tθ , given the data tY . 
Specifically, each iteration of the EM algorithm consists of 
two steps: The expectation and the maximization steps. 



 
 

 

The expectation step evaluates the conditional expectation of 
the log-likelihood function given the complete data as: 

ˆ

ˆ( , ) log |θ
θ

θ

θ θ
⎧ ⎫⎪ ⎪Λ = ⎨ ⎬
⎪ ⎪⎩ ⎭

t

lt t t
t

dP
E Y

dP
 (8) 

where θ̂t  denotes the estimated system parameters at time 
step t. The maximization step finds: 

( )1
ˆ ˆarg max ,

θ
θ θ θ+

∈Θ
∈ Λ

t
t t t                            (9) 

The expectation and maximization steps are repeated until 
the sequence of model parameters converge to the real 
parameters. The EM algorithm is given by [12]: 

( )( )( )
( ) ( )

( ) ( )

( )( )( )

1

1
1 1

2
1 1

1

1

1
1 1 1

2
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1ˆ |
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t k k t k k t
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t
T

t k k k k k k t
k

TT Tt
k k k k k

tT T T Tk
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t
T

t k k k k k k t
k
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t
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E Y
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−

−
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− −
=

−

=
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=

⎡ ⎤⎛ ⎞ ⎛ ⎞
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⎝ ⎠ ⎝ ⎠⎣ ⎦
⎛ ⎞

= − −⎜ ⎟
⎝ ⎠
⎛ ⎞⎛ ⎞−⎜ ⎟⎜ ⎟= ⎜ ⎟⎜ ⎟⎜ ⎟− +⎝ ⎠⎝ ⎠
⎛

= − −

∑ ∑

∑

∑

∑

( ) ( )
( ) ( )1

1 |
T T T

t k k k k k k

tTT T Tk
k k k k k k k

y y A y x C
E Y

t C y x C x x C=

⎞
⎜ ⎟
⎝ ⎠
⎛ ⎞⎛ ⎞−
⎜ ⎟⎜ ⎟= ⎜ ⎟⎜ ⎟⎜ ⎟− +⎝ ⎠⎝ ⎠
∑

    (10) 

where 2 = T
t t tB B B , 2 = T

t t tD D D , ( )E ⋅  denotes the 
expectation operator, and 0,1,2,...,=t N . These system 

parameters { }2 2ˆ ˆ ˆ, ,t t tA B D  can be computed from the 

following conditional expectations [12]: 
(1)

1

(2)
1 1

1

(3)
1 1

1

(4)

1

|

|

|

|

=

− −
=

− −
=

=

⎧ ⎫
= ⎨ ⎬

⎩ ⎭
⎧ ⎫

= ⎨ ⎬
⎩ ⎭
⎧ ⎫⎡ ⎤= +⎨ ⎬⎣ ⎦⎩ ⎭
⎧ ⎫⎡ ⎤= +⎨ ⎬⎣ ⎦⎩ ⎭

∑

∑

∑

∑

t
T

t k k t
k

t
T

t k k t
k

t
T T T

t k k k k t
k

t
T T T

t k k k k t
k

L E x Qx Y

L E x Qx Y

L E x Rx x R x Y

L E x Sy y S x Y

 (11) 

where Q, R and S are given by: 

; ; , 1,2,...
2 2

; 1, 2,... ; 1,2,..
2

T T T
i j j i i j

T
i j

e e e e e e
Q R i j n

e e
S i n j d

⎧ ⎫ ⎧ ⎫+⎪ ⎪ ⎪ ⎪= = =⎨ ⎬ ⎨ ⎬
⎪ ⎪ ⎪ ⎪⎩ ⎭ ⎩ ⎭
⎧ ⎫⎪ ⎪= = =⎨ ⎬
⎪ ⎪⎩ ⎭

 (12) 

in which ie  is the unit vector in the Euclidean space; that is 
1ie =  in the ith position, and 0 elsewhere. For instance, 

consider the case n = d = 1, then 1
1

|−
=

⎛ ⎞
⎜ ⎟
⎝ ⎠
∑

t
T

k k t
k

E x x Y  is: 

(3)
1

1

1|
2−

=

⎛ ⎞ ⎛ ⎞= =⎜ ⎟⎜ ⎟
⎝ ⎠⎝ ⎠

∑
t

T
k k t t

k
E x x Y L R  (13) 

The other terms in (10) can be computed similarly. 
    The conditional expectations { }(1) (2) (3) (4), , ,t t t tL L L L  can be 

estimated from measurements tY  as follows: 
1) Filter estimate of (1)

tL : 

( ) ( )

(1)

1

(1) (1)
| 1 |

1

1 (1) 1 (1) (1)
| | | 1 | 1 | 1 | |

2 (1) 2
1 | 1 | 1 | | 1

|

1 1
2 2

2 21
2

=

−
=

− −
− − −

− −
= − − −

⎧ ⎫= ⎨ ⎬
⎩ ⎭

= − −

⎛ ⎞− + −
⎜ ⎟−
⎜ ⎟+⎝ ⎠

∑

∑

∑

t
T

t k k t
k

t

t t t k k k
k

T T Tt
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T T
k k k k k k k k k k k k k k

L E x Qx Y

Tr N P Tr N P

x P r x P r x N x

x B A P N P A B x

 (14) 

where ( )Tr ⋅  denotes the matrix trace. In (14), (1)
kr  and (1)

kN  
satisfy the following recursions: 

( )
( )

(1) 2 (1)
| 1 | | 1

(1) 2
| | | 1

(1) (1)
| 1

(1)
0 1

(1) 2 (1) 2
| 1 |
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0

2

0

2
0

−
− −

−
−

−

×

− −
−

×

⎧ = − +
⎪
⎪ − −⎪
⎨

=⎪
⎪

=⎪⎩
⎧ = −
⎨

=⎩

T
k k k k k k k k k k k k k

T
k k k k k k k k k k k

k k k k
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T
k k k k k k k k k k
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r A P C D C A r P Qx
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N B A P N P A B Q
N

 

(15) 

2) Filter estimate of (2)
tL : 

{ } { }

(2)
1 1

1

0 0
1

|

| | |

t
T

t k k t
k

t
T T T

t k k t t t t
k

L E x Qx Y

E x Qx Y E x Qx Y E x Qx Yθ θ θ

− −
=

=

⎧ ⎫
= ⎨ ⎬

⎩ ⎭
⎧ ⎫= + −⎨ ⎬
⎩ ⎭

∑

∑
(16) 

Therefore, (2)
tL can be obtained from (1)

tL . 
3) Filter estimate of (3)

tL : 
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( ) ( )

(3)
1 1

1

(3) (3)
| 1 |

1

1 (3) 1 (3) (3)
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∑
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  (17) 

 

In this case, (3)
kr  and (3)

kN  satisfy the following recursions: 
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4) Filter estimate of (4)
tL : 

( )

( )

(4)

1

1 (4) 1 (4)
| | | 1 | 1 | 1

1

|
=

− −
− − −
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where (4)
kr  satisfy the following recursions: 
(4) 2 (4)

| 1 |

(4) (4)
| 1

(4)
0 1
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−
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    Using the filters for ( ) ( 1, 2,3, 4)=i
tL i  and the extended 

Kalman filter described in (6) and (7), the system parameters 
{ }, ,t t t tA B Dθ =  are estimated through the EM algorithm 

described in (10). Numerical results that show the 
applicability of the above algorithm are discussed in Section 
V. In the next section, we introduce stochastic PCA based 
on the estimated channel models. 

IV. STOCHASTIC POWER CONTROL ALGORITHM IN TV LTF 

WIRELESS NETWORKS 
The aim of the PCA described here is to minimize the total 
transmitted power of all users while maintaining acceptable 
QoS for each user. The measure of QoS is defined by the 
signal-to-interference ratio (SIR) for each link to be larger 
than a target SIR. Since the channel model parameters are 
estimated from received signal measurements, PC is 
performed only from these measurements. 
    Now consider a wireless network with M transmitters and 
N receivers. The state space representation of LTF wireless 
network can be written as:  

( ) ( ) ( ) ( ) ( )
( ) ( ),

1

, , , ,

( ) ( ) ( )τ

τ τ τ τ

=

= +

= +∑ ik

ij ij ij ij ij

M kX t
i k k ik

X t A t X t B t w t

y t p t s t e v t
 (21) 

where ( )iy t  is the received signal at the ith receiver at time 
t,  ( )ijX t  is the states of the TV PL of the channel between 

transmitter j and the receiver assigned to transmitter i, ( )kp t  
is the transmitted power of transmitter k at time t, which acts 
as a scaling on the information signal ( )ks t , ( )iv t  is the 
channel disturbance or noise at receiver i, and 1 ,≤ ≤i j M .  

Consider the wireless network described above, the 
centralized PC problem for time-invariant channels is [1]: 

1( 0,.... 0) 1
min subject to

, 1

M

M

ip p i

i ii
iM

k ik ik i

p

p g
i M

p g
ε

η

≥ ≥
=

≠

≥ ≤ ≤
+

∑

∑

 (22) 

where ip  is the power of transmitter i, 0ikg >  is the time-
invariant channel gain between transmitter k and the 
receiver assigned to transmitter i, 0iε >  is the target SIR of 

transmitter i, and 0iη >  is the noise power level at the 
receiver i. Expression (22) for the TV LTF wireless network 
in (21), described using path-wise QoS of each user over a 
time interval [0,T] is given by: 

( )

( ) ( ) ( )

( ) ( ) ( ) ( )

1( 0,.... 0) 1 0

2 2

0

2 2 2

0 0

min , subject to
M

TM

ip p i

T

i i ii

iT T
M

k k ik ik i

p t dt

p t s t S t dt

p t s t S t dt v t dt
ε

≥ ≥
=

≠

⎧ ⎫⎪ ⎪
⎨ ⎬
⎪ ⎪⎩ ⎭

≥
+

∑∫

∫

∑ ∫ ∫

  (23) 

where ( ) ( ),ikkX t
ikS t e τ=  and 1, ,i M= . A solution to (23) 

is presented by first introducing PPCS. Since channels 
experience delays, and power control is not feasible 
continuously in time but only at discrete-time instants, the 
concept of PPCS is introduced [1]. Consider a set of discrete 

time strategies { }
1

( )
i

M

k i
p t

=
, 0 1 10 ... ...k kt t t t T+= < < < < < ≤ . 

At time 1kt − , the base stations estimate the channel 

information ( ){ }1 1 , 1
, ( )

M

ij k i k i j
S t s t− − =

 as described in Section 

III. The base stations then determine the control strategies 

{ } 1
( ) M

i k i
p t

=
 for the next time instant kt . The latter is 

communicated back to the mobiles, which hold these values 
during the time interval [ )1,k kt t− . At time kt , a new set of 

channel information ( ){ }
, 1

, ( )
M

ij k i k i j
S t s t

=
 is estimated at the 

base stations and the time 1kt +  control strategies { }1 1
( ) M

i k i
p t + =

 
are computed and communicated back to the mobiles which 
hold them constant during the time interval [ )1,k kt t + . Using 

the concept of PPCS over any time interval [ ]1,k kt t + , 
equation (23) is equivalent to: 

( )
( )

( ) ( ) ( ) ( ) ( )( )
1

110

1
1 1 1 1 1
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k k k k M k kt t t t t tη η+ + +=η , 

( )1: , , ,Mdiag ε ε=Γ  and ( )diag ⋅  denotes a diagonal 
matrix with its argument as diagonal entries. The 



 
 

 

optimization in (24) is a linear programming problem in 
1M ×  vector of unknowns ( )1kt +p . Throughout this section, 

we assume that the PC problem is feasible, i.e., there exists a 
power vector ( )ktp  that satisfies the inequality in (24) for 

all [ ]1,k kt t +  in [0, T]. 
Next, we consider an iterative distributed version of the 

centralized PCA in (24). This is convenient for online 
implementation since it helps autonomous execution at the 
node or link level, requiring minimal usage of network 
communication resources for control signaling. The 
constraint in (24) can be written as: 

( ) ( )( ) ( )
( ) ( )

1
1 1 1

1
1 1

, ,

,

I k k k k k

I k k k

t t t t t

t t t

−
+ + +

−
+ +

−

≥

I ΓG G p

ΓG η
 (25) 

Defining ( ) ( ) ( )1
1 1 1, , ,k k I k k k kt t t t t t−

+ + +F ΓG G  and 

( ) ( ) ( )1
1 1 1, ,k k I k k kt t t t t−

+ + +u Γ G η , then (25) can be 
written as: 

( )( ) ( ) ( )1 1 1, ,k k k k kt t t t t+ + +− ≥I F p u  (26) 

If the channel gains are time-invariant, i.e., ( )1,k kt t + =F F  

and ( )1,k kt t + =u u , then the PC problem is feasible if 

1ρ <F , where ρF  is the Perron-Frobenius eigenvalue of F  
[9]. It is shown in [9] and [10] that the following iterative 
PCA converges to the minimal power vector when 1ρ <F :  

( ) ( )1k kt t+ = +p Fp u  (27) 
However, our channel gains are time-varying, thus a time-
varying version of the PCA in (27) can be defined as: 

( ) ( ) ( ) ( )1 1 1, ,k k k k k kt t t t t t+ + += +p F p u  (28) 

Clearly, in general the power vector ( )ktp  will not 
converge to some deterministic constant as it does in (27). 
Since ( )1,k kt t +F  is a random matrix-valued process, the key 
convergence condition is that the Lyapunov exponent 

0λ <F  [14], where λF  is defined as: 

( ) ( ) ( )0 1 1 2 1
1lim log , , ... ,k kk

t t t t t t
k

λ +
→∞

=F F F F  (29) 

The distributed version of (28) can be written as: 

( ) ( )
( ) ( )1 , 1,...,i k

i k i k
i k

t
p t p t i M

R t
ε

+ = =  (30) 

where ( )i kR t  is the instantaneous SIR defined by: 
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 (31) 

    Note that the PCAs in (24) and (30) can be used as long 
as the channel model does not change significantly, that is 
[tk, tk+1] is a subset of the coherence time of the channel. 
    In the next section, a numerical example is presented to 
determine the performance of the proposed PCA under the 
estimated LTF wireless channel models. 

V. NUMERICAL EXAMPLES 
Two numerical examples are presented. In Example 1, the 
accuracy of the developed EM algorithm together with the 
extended Kalman filter to estimate channel parameters, as 
well as channel PL from the received signal measurements, 
is determined. In Example 2, we compare the performance 
of the proposed PCA using PPCS under TV LTF stochastic 
and static channel models. 

 

Example 1:  
    The estimation of a LTF wireless channel from received 
signal measurements is considered. In particular, the 
estimation includes the channel parameters, channel PL, and 
received signal. The measurement data are generated by the 
following system parameters: 

( ) ( ) ( )2 / 10, 25 1 0.15 sin , , 5, , 0.2t T tt e t t
T
πγ τ δ τ β τ−⎛ ⎞⎛ ⎞= + = =⎜ ⎟⎜ ⎟

⎝ ⎠⎝ ⎠
(32) 

and the variances of the state and measurement noises are  
10-2 and 10-6, respectively. Figure 1 shows the actual and 
estimated received signal using the EM algorithm together 
with the extended Kalman filter for 500 sampled data. From 
Figure 1, it can be noticed that the received signal have been 
estimated with very good accuracy. Figure 2 shows the 
received signal estimates root mean square error (RMSE) for 
100 runs. It can be noticed that it takes just few iterations 
(less than 15) for the filter to converge, and the steady state 
performance of the proposed channel estimation algorithm 
using the EM together with Kalman filtering is excellent. 
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Fig. 1.  Real and estimated received signal for the channel model in Ex. 1. 
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Fig. 2.  Received signal estimates RMSE for 100 runs using the EM 
algorithm together with the extended Kalman filter. 
 
Example 2:  
    The cellular model setup in this example is the same as in 
[3] with M = 24 transmitters. The channel model parameters 
as well as the channel PL for all users are estimated online 
from received signal measurements using the EM algorithm 
together with the extended Kalman filter as illustrated in 
Example 1. The PCA described in (24) is performed using 
the estimated channel parameters and states. The outage 



 
 

 

probability (OP) is used as a performance measure for the 
PCA. A link with a received SIR iR , less than or equal to a 
target SIR iε , is considered a communication failure. The 
OP, ( )iO ε , is expressed as ( ) Prob{ }i i iO Rε ε= ≤ . The 
targets SIR, iε , for all users are the same, and varied from 5 
dB to 35 dB with step 5 dB. For each value of iε  the OP is 
computed every 15 millisecond, i.e., 1[ , ]k kt t + = 15 
millisecond. The simulation is performed for 6 seconds, i.e., 
[0, ]T = 6 seconds. The OP is computed using Monte-Carlo 
simulations. In this example, we compare the performance 
of the proposed PCA using PPCS described in (24) under 
two different types of TV LTF channel models; the 
stochastic model in (2) and the static model in (1). 
    The OP for the PCA using PPCS based on both stochastic 
and static TV LTF channel models are shown in Figure 3a 
and 3b, respectively. Figure 3 shows how the OP changes 
with respect to the target SIR, iε , and time. The OP changes 
as a function of time, since mobiles move in different 
directions and velocities. The average OP versus iε  over the 
whole simulation time (6 seconds) is shown in Figure 4. It 
can be noticed that the performance of PC based on PPCS 
using the stochastic models is on average much better than 
that of static models. This is because the static models do 
not capture the time-variations of the channels. For example, 
at 20 dB target SIR, the OP is reduced from 0.45 for static 
models to 0.3 for TV stochastic ones; this represents an 
improvement of over 33%. 
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Fig. 3.  OP for the PCA using PPCS under TV LTF wireless networks for 
(a) stochastic channel models. (b) static channel models. 
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Fig. 4.  Average OP for the PCA using PPCS under TV LTF wireless 
networks. Performance comparison. 

VI. CONCLUSION 
    This paper describes a general scheme for extracting 
mathematical LTF channel models from noisy received 
signal measurements, and performing power control based 
on the estimated channel parameters. The proposed 
estimation algorithm consists of filtering based on the 
extended Kalman filter to remove noise from data, and 
identification based on the EM algorithm to determine the 
parameters of the model which best describe the 
measurements.  

REFERENCES 
[1] C.D. Charalambous, S.M. Djouadi, and S.Z. Denic, “Stochastic power 

control for wireless networks via SDE’s: Probabilistic QoS measures,” 
IEEE Trans. on Inform. Th., vol. 51, No. 2, pp. 4396-4401, Dec. 2005. 

[2] M.M. Olama, S.M. Shajaat, S.M. Djouadi and C.D. Charalambous, 
“Stochastic power control for time-varying long term fading wireless 
channels,” Proceedings of the American Control Conference, pp. 
1817-1822, Portland, Oregon, USA, June 8-10, 2005. 

[3] Mohammed M. Olama, Seddik M. Djouadi, and Charalambos D. 
Charalambous, “Stochastic power control for time-varying long-term 
fading wireless networks,” EURASIP Journal on Applied Signal 
Processing, vol. 2006, Article ID 89864, 13 pages, 2006. 

[4] W. Jakes, Microwave Mobile Communications, IEEE, Inc. NY, 1974. 
[5] J. Proakis, Digital Communications, 4th Edition, McGraw Hill, 2000. 
[6] T.S. Rappaport, Wireless Communications: Principles and Practice, 

Prentice Hall, 2nd Edition, 2002. 
[7] J. Zander, “Performance of optimum transmitter power control in 

cellular radio systems,” IEEE Trans. on Veh. Tech., vol. 41, no.1, Feb. 
1992. 

[8] J. Aein, “Power balancing in systems employing frequency reuse,” 
COMSAT Technical Review, vol. 3, 1973. 

[9] N. Bambos and S. Kandukuri, “Power-controlled multiple access 
schemes for next-generation wireless packet networks,” IEEE 
Wireless Communications, vol. 9, issue 3, June 2002. 

[10] G.J. Foschini and Z. Miljanic, “A simple distributed autonomous 
power control algorithm and its convergence,” IEEE Trans. on 
Vehicular Tech., vol. 42, no.4, Nov. 1993. 

[11] S. Kandukuri and S. Boyd, “Optimal power control in interference-
limited fading wireless channels with outage-probability 
specifications,” IEEE Transactions on Wireless Communications, vol. 
1, no. 1, pp. 46-55, 2002. 

[12] C.D. Charalambous and A. Logothetis, “Maximum-likelihood 
parameter estimation from incomplete data via the sensitivity 
equations: The continuous-time case,” IEEE Transaction on 
Automatic Control, vol. 45, no. 5, pp. 928-934, May 2000. 

[13]  G. Bishop and G. Welch, An introduction to the Kalman filters, 
University of North Carolina, 2001. 

[14] A.I. Mees, Nonlinear Dynamics and Statistics, Boston, 2001. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /ENU (Use these settings to create PDF documents with higher image resolution for high quality pre-press printing. The PDF documents can be opened with Acrobat and Reader 5.0 and later. These settings require font embedding.)
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308030d730ea30d730ec30b9537052377528306e00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /FRA <>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


