Estimation and Identification of Time-Varying Long-Term Fading
Wireless Channels with Application to Power Control

Mohammed M. Olama, Kiran K. Jaladhi, Seddik M. Djouadi, and Charalambos D. Charalambous

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

TIME-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
11, 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. TVLTF 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]:

PL(d)[dB]:= PL(d,)[dB]+10a log[diJ+Z~, d>d, (1)

where ﬁ(a’o) is the average PL in dB at a reference
distance d,, from the transmitter, the distance d corresponds



to the transmitter-receiver separation distance, o 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 {X(t,7)}_ .
20,727,

which can be generated by a mean-reverting version of a
general linear SDE given by [3]:
dX(ts T) :ﬂ(to T) ((]/(t, T) - X(to T))dt + 50: T)dW(t)a

o = @
(t0,7) =N(PL(d)[dB); 7))

where {W(t)}tzo

drift, unit variance) which is assumed to be independent of
X (to,r), N(u;x) denotes a Gaussian random variable

is the standard Brownian motion (zero

with mean x and variance x, and ﬁ(d)[dB] is the
average PL in dB. The parameter y(z,7) models the
average time-varying PL at distance d from transmitter,
which corresponds to ﬁ(d)[dB] at d indexed by ¢. This
model tracks and converges to this value as time progresses.
The instantaneous drift S (I,T)(}/(I,T)—X (t,z')) represents
the effect of pulling the process towards 7/([,1), while
B(t,7) represents the speed of adjustment towards this

value. Finally, & (t,r) 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

{ﬂ(t,z’),y(t,r),&(t,z’)}lzo can be used to model the TV

characteristics of the LTF channel. The received
signal, y(7), at any time ¢ can be expressed as:
y(t)=s(t)S(t)+v(t) 3)

where s(7) is the information signal, v(r) is the channel

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

attenuation coefficient defined by S(¢)=e™"?,

k=-1n(10)/20 [6].
The general spatio-temporal lognormal model in (2) and
(3) can be realized by stochastic state space given by:
X(t,7)=A(t,7) X (t,7)+B(t,7)w(t)
y(t)= s(t)ekX("T) +v(1)

where A(t,7)=-p(t,7), B(t,7)= [5(1,1’) ,H(t,r)}/(t,r)]
and w(t)=[dw () 1] .

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.

where

“

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:

xt+1 = Af'xt +Btwt

)

_ kx,
Yy =s.€ I +Dtvt

where x, € R" is a state vector, y, € R’ is a measurement
vector, w, €R” is a state noise, and v, eR’ 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 6, ={4,,B,,D,} as well

19
as the system states x, are estimated through a finite set of
received signal measurement data, 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 x, for given system parameter

6, ={4,,B,,D,} and measurements Y,. It is described by the
following equations [13]:
fcm = AT')’et—l\t—l +F, CTDZZ (yt - CtAt)et—l\t—l)

te ™t

5&1\1—1 = Azjez—l\z—l
d(e™ ) (©)
C =s, = 5 ke
dxm Xy =%y
Xie :5‘/4\14
where £=0,1,2,...,N , and B, is given by:

}_)71 = Pt:}\t—l + "41TBt72At

1|t
P'=C'D’C +B*-B P4 B’ (7)

t|t t t et =t
P =AP., A +B

-1 1)1

The channel parameters 6, ={4,,B, D,} are estimated

t

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 6,, given the data Y.

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:

A6,,6) = E, 1 4, |Y,
s Yy og—- 8
t gdf)ét t ( )
where é, denotes the estimated system parameters at time
step ¢. The maximization step finds:

)., € argmax A(Ht, 62) )

O
6,0

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,=E£§xkxk 1|Yj { (Zxkxk |YH

PARNY

(J’kykr)_ A, (ykka )CkT

t
> ; Y,

k=1 —C, (ykxf) +C, (xkx,f)CkT
B,B! E()

B/, D!=DD/
expectation operator, and z=0,1,2,...,N

7t

where B’ = denotes  the

. These system
parameters {ﬁt,f?f,DAf} can be computed from the

following conditional expectations [12]:

LY =E{Zx,fok |Y,}
k=1

LY = E{ZxZIQx“ |Y,}
k=1

, (11)
LY = E{Z[kakal +x, R x, :| | Y;}
k=1
11
LY = E{Z[XZSM +318 %] Yt}
k=1
where O, R and S are given by:
e,.ef +e/.e,.T el.ef o
0= T ;R= 2‘ ;L,j=1,2,..n
(12)

ee’
S :{%; i=1,2,..nj :1,2,..d}

in which e, is the unit vector in the Euclidean space; that is

e, =1 in the ith position, and O elsewhere. For instance,

consider the case n =d = 1, then E(Z x.x1 | Yt) is:

k=1

(Zxkxk 1 |Yj L(”( ;j

The other terms in (10) can be computed similarly.
The conditional expectations {LE”,L(f),LE3 ),L(4)} can be

(13)

estimated from measurements Y as follows:

t
1) Filter estimate of " :
!
LY = E{Zx,fok | X}

Sy mn) S Er () 09

_ T (1)
xk\ka Xk

W T pl (D)
| _zxk\k})k\krk +2xk\k lPk\k k-1
25

Y T p- ) T p-2
+xk\k 1 AkPk\ka IPk\kA B Xelk-1
where Tr(-) denotes the matrix trace. In (14), " and N{"
satisfy the following recursions:
1" =(4, - B, CI D CA ) +2P,0x,,

klk

7PIL\kN(1)BcVLCkT 2( Vi 7Ckxk\kfl)
r}dkfl :Akrk (15)
7 =0,
N}EU = zAkPA\kNIE )IBc\kA B, =20
N =0
2) Filter estimate of * :
1
2 _ T
L7 = E{Z‘xlexkl | Yz}
= (16)

t
=E,{x; Ox, |Y,}+E9{2x£ka |Y,}—E9 {xOx, |7,
k=1

Therefore, L* can be obtained from L .

3) Filter estimate of L”:

Lo = E{i(kaka_] +x{ R"x, )] Y,}

k=1

AR RN an

1 (3) T -1 _.(3) T 3)
_Zxk\kpk\k +2xk\k lpk\k 1k-1 _xk\ka xkk]

1 1
2 kl["'xkrk 1 72AkPk\kN1((3)]Pk\kATB zxk\k—]

In this case, 7 and N{* satisfy the following recursions:

(3) (A PA\AC D C 4 )’”Aml) Q\AN(;)PI«MCI:
(yk 7Ck'xk\k 1) (2Pk\kR+2PHAB 4 PA\AR 4, )xkfl\kfl
= A
' =0, (18)
N(S) =B, ‘4 Pk\ka l})l(\kA B, - ZRPWA B, .
-2B 4B, R’
N =0
0 mxm




4) Filter estimate of " :

LY :E{i(xZSyk +yZSTxk)|Y,}

k=1

, (19)
Z(xk\k k\l: nY xuk 1Pu713 1’1(\2) 1)
=1
where r'¥ satisfy the following recursions:
”(4) = (4, _Pk\kaTDk_ZCkA )”(4) + 2Pk\kSyk
rk(\?c)l = AkrkM) (20)
r0(4) = Ole

Using the filters for L (i=1,2,3,4) and the extended
Kalman filter described in (6) and (7), the system parameters
0,={4,,B,,D,} 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:

)w; (¢)

Xl.j (t,z’) =4, (t,z')Xl.j. (l‘,T)-I—Bij(t,T

)= 2P O, O 1)

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

(e2))

transmitter j and the receiver assigned to transmitter i, p, (t)
is the transmitted power of transmitter & at time ¢, which acts
as a scaling on the information signal s, (¢), v,(¢) 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]:

min subject to
(p120,.... Pw>0)zp )
(22)
_ P8 >e, 1<i<M
1w Pr8&i T1;

where p, is the power of transmitter 7, g, > 0 is the time-

invariant channel gain between transmitter £ and the
receiver assigned to transmitter 7, & > 0 is the target SIR of

transmitter i, and 7, >0 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 [0,7] is given by:

M T
min {iji(t)dt}, subject to

(p120,....p3, 20) i=1

pi (t)siz (t)S,f (t)dt

ijpk sk Sj( t+f

where S, (1)=¢"*"") and i=1,---, 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

(23)

O —

M
time strategies {p (tk)}-,l , 0=t <t <..<t, <t,,<..<T.

At time the base stations estimate the channel

Ly
information { (115,02, 1)} _, as described in Section

III. The base stations then determine the control strategies
{4 )}Zl The latter is

communicated back to the mobiles, which hold these values

for the next time instant ¢, .

during the time interval [f,_,,7,). At time #,, a new set of

: . Moo
channel information {S,.j (t,).s, (tk)}_ _, is estimated at the
ij=

base stations and the time ¢, control strategies {p,(t,,,)} ",
are computed and communicated back to the mobiles which
hold them constant during the time interval [tk,tk+1 ) Using
the concept of PPCS over any time interval [z, 1,.,],

equation (23) is equivalent to:

min t subject to
P(fk+1)>0 Zl lpl(k+1) A|

P(4:1) 2TG] (1,441 ) (G(tk’[kﬂ )P (1) (2 ))
where

24)

test
g (toti)= [ 51(0)S; (1)t 1<i, j< M,

I

p(tk+l) (pl(lm)s"'
G, (t-t, ) =diag (g, (1,

0
Clirtin)= {g (1 0)
ij + >

n(tkﬂtkﬂ) (’71 (tka[/m)
I :=diag(&, ¢, ),

matrix with its

> Pu (tk+l ))

k+]) s Eum (tk!tk+]))7
if i=j
if i#j

7 (tst) = [ 7 (¢ dt,

},lﬁi,jsM,

T
i ([k’tkﬂ)) >
and diag(-) denotes a diagonal

argument as diagonal entries. The



optimization in (24) is a linear programming problem in
M x1 vector of unknowns p(,,, ). Throughout this section,
we assume that the PC problem is feasible, i.e., there exists a
power vector p(z,) that satisfies the inequality in (24) for

all [tk, tkﬂ] in [0, 77.

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:

(I_FG;1 (st )G (st ))P(fku)
>TG;' (testee ) (241)
F(t4,061) 2 TG, (1101 ) G (145114 )
Wt i) 2T G (4ot ) (2, ), then (25) can be
written as:
(I‘F(tkatk+1))P(fk+1) 2 “(fk»tlm) (26)

If the channel gains are time-invariant, i.c., F(t;,t,,,)=F

(25)

Defining and

and u(f;,f, )=u, then the PC problem is feasible if

pr < 1,where p; is the Perron-Frobenius eigenvalue of F
[9]. Tt is shown in [9] and [10] that the following iterative
PCA converges to the minimal power vector when pp <1:
P(tn1)=Fp(t ) +u 27)
However, our channel gains are time-varying, thus a time-
varying version of the PCA in (27) can be defined as:

P (%) =F (st )P (1) +u (21141 (28)
Clearly, in general the power vector p(z,) will not

converge to some deterministic constant as it does in (27).
Since F(#,t,,) isarandom matrix-valued process, the key

convergence condition is that the Lyapunov exponent
Ag < 0 [14], where Ay is defined as:

.1
yn :ggrolozlog”F(to,tl VF(1,15) - F (1, )| (29)
The distributed version of (28) can be written as:
& (1) .
, = A(t), i=1,.,M
Piltin )=y (8- (30)
where R, (1, ) is the instantaneous SIR defined by:
P\l )8\t
R (1) (#) 8 (ti-tir) G

Ziip/ (6) &y (1ot )+ (15t

Note that the PCAs in (24) and (30) can be used as long
as the channel model does not change significantly, that is
[#, ti+1] 18 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:

Oxt

y(t.7) =25[1 +0.15¢72'T sin(lTD, 5(1,7)=5,B(1,r)=0.2(32)

and the variances of the state and measurement noises are
1072 and 10°, 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 R, , less than or equal to a

target SIR &;, is considered a communication failure. The
OP, O(s;), is expressed as O(g,) =Prob{R, < ¢}. The
targets SIR, &;, for all users are the same, and varied from 5
dB to 35 dB with step 5 dB. For each value of &; the OP is
[tes en 1= 15

millisecond. The simulation is performed for 6 seconds, i.e.,
[0, T]1=6 seconds. The OP is computed using Monte-Carlo

computed every 15 millisecond, i.e.,

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 3Db, respectively. Figure 3 shows how the OP changes
with respect to the target SIR, ¢, , and time. The OP changes

as a function of time, since mobiles move in different
directions and velocities. The average OP versus &; 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.
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