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ABSTRACT A

Distortion compensation of nonlinear systems is an important topic  z(n) c y(n) z(n)
in many practical applications. This paper concerns with lineariza- ()
tion of nonlinear systems which can be modeled using Volterra series
by connecting two adaptive nonlinear Volterra filters. The first one ! +
is a training filter connected in parallel with the nonlinear system 1 + e(n)
and its kernels are estimated recursively. The second adaptive filter | -
is a predistorter connected tandemly with the nonlinear system and !
its kernels are a copy from the training filter. Three recursive algo- 1 C’(p)
rithms, namely: the Recursive Least Squares (RLS), the Kalman Fil- !

ter (KF), and the Recursive Prediction Error Method (RPEM) algo- b /
rithms, are developed and studied using numerical simulations. Sim-

ulation studies for time-invariant and time-varying nonlinear systemg-ig. 1. Compensation of nonlinear distortion using the ILA method.
show that the KF and RPEM algorithms provide lower nonlinear dis-

tortion as compared to the RLS algorithm.

systemH (,y with input and output signalg(n) and z(n) can be

1. INTRODUCTION modeled byyth-order Volterra series with/-tap memories. Hence
Digital compensation of nonlinear distortion is an essential require- a MM , _ _
ment in many applications. In wireless communication systems?(") = Z ( Z - Z hie(in, - iy n)y(n —d1)..y(n — Z’“))
the nonlinearity of high power amplifiers is an obstacle to increase k=1 i1=0  i3=0 B

the transfer data rate and mobility. In Hi-Fi systems, small distor- ) )
tion produced by nonlinear components dominates the overall pewheg?h’?l(“l’ ' h ”’“;ln)_ arebthekth-or(rj]er.kernelsa fth
formance. Further more examples can be found in communication imilarly, the relation between the Input and output of the pre-
systems, speech processing, and control engineering, see [1-3] JISIONerC ) is given by

In this paper, the Indirect Learning Architecture (ILA) method b N-1 N-1
[4, 5] shown in Fig. 1 is considered for distortion compensation of (n) = Z ( Z Z erlin, - g n)a(n —iy)oa(n — i ))
nonlinear systems. The coefficients of the predistorter are a copy Lo Lo TR v k
of the coefficients of a training filter connected in parallel with the FELonE0 =0 @)
nonlinear system. These coefficients can be estimated recursively, @ ore N7 is the number of memories angl(i1, - ,ix;n) are the
done in [4], using the Recursive Least Squares (RLS) algorithm, segy, o der kernels. According to theh-order Volterra theorem []
[6, 7]. Also, in this paper, the Kalman Filter (KF) and the Recursivec( , can remove nonlinearities up fah-order provided that thé
Prediction Error Method (RPEM) algorithms [6, 7] are developed forjerse of the first-order Volterra system is causal and stable.
this approach. Moreover, the performance of these three algorithms As a direct approach, the predistort€f,, is an adaptive fil-

Is St_llfﬁ.ied in case the nqnligear ?ylftem isl tirge-vazrying. iow for th ter whose kernelsy (i1, - - - ,ix;n) can be estimated recursively as
IS paper Is organized as follows. In Sec. 2, a review ort one in [3] using the nonlinear filtered-x least mean squares algo-
ILA method is given. Sec. 3 discusses the RLS algorithm for estizip - 1 this paper, the kemels (i1, - - - , ix;n) are estimatedh-
mating the kernels of the training Volterra filter and hence the kemelairectlly as a copy o% the kernels of éhe t;air;ing Volterra filG
p)»

of the \olterra predistorter. The KF and RPEM algorithms are devel-See Fig. 1. The same approach was used in [4, 5]

oped in Sec. 4 and Sec. 5, respectively. Some simulation examplés The inbut-output relation of the trainina filter is given as
are given in Sec. 6. Conclusions are presented in Sec. 7. P P 9 9

P N—-1 N-1
2. THE INDIRECT LEARNING ARCHITECTURE gn)=>" ( 3D Elin, e iksn)z(n — in).z(n — ik))
k=1 i1=0 i;=0
Assume that the nonlinear systefh ;) to be compensated in Fig. 1 3)
is a discrete-time (possibly time-varying) causal system. Also, thevherecy (i1, - - - ,ix; n) are thekth-order kernels.



Let us define an error signa(n) to be given by Hence using Eq. (7) and Eqg. (8), the ereén) can be written as
e(n) = y(n) — g(n) @ e(n) = C" (n)(X (n) — Z(n)). 1)

As this error signal approaches zero, the overall output of the systemherefore, if the Volterra models satisfy the conditions [4]
z(n) (input to the training filterC',,y) approaches the total system

input z(n) (input to the predistorte€ ) since the outputs of the X(n) # Z(n) = y(n) # ?2(") 12)
two Volterra modelsi.e. y(n) andy(n), approach each other. When X(n) = Z(n) = y(n) =4(n)
the kernelsty (i1, - - - ,ix;n) and indirectlycy (i1, - - ,ix; n) have

the error signak(n) approaches zerd (n) approachesX (n), and

been found and it is believed that the nonlinear system characteristi%ncez(n) approaches (). These conditions are simply mean that
are not changing, the training branch is shutted down. The training,o nonlinearity of the systet (, is invertible.
branch can be reconnected in case of significant change in the char- The kernel vectol can be qestimated as done in [4] using the
acteristics ofH ,y and hence high nonlinear distortion level investi- RLS algorithm [6, 7]. The RLS algorithm minimizes the cost func-
gated at the receiver end. On the other hand, in case of time-varyi n VRLs(C’) givén By

nonlinear systems, the training branch should be always connected.

The ILA method has two drawbacks that degrade its perfor- ~ " ok o
mance. Namely: the convergence of the training filter to a biased Vres(C) = Z AT (k) (13)
estimates due to the noisy measurement(ef) and the fact that k=1

the postinverse and the preinverse of the nonlinear system are nehere) < 1 is the forgetting factor and(n) is given by Eq. (11).
always equal. Some new techniques are proposed in [9, 10] in ord@he smaller the value of, the quicker the information in previous
to improve the performance of the ILA method. data will be forgottendf. Sec. 4). Therefor, the choice &fcontrols

In this paper, the predistorter kernels are estimated recursivelthe ability of the algorithm to track time-varying parameters. The
using the RLS, KF and RPEM algorithms [6, 7]. This is the topic of RLS algorithm takes the following form [6, 7]:
the next sections. T
e(n) =C (n—1)(X(n) — Z(n))
3. THE RLSALGORITHM K(n)=(\+Z"(n)P(n—1)Z(n))"'P(n—1)Z(n) (14)

Pn)=X"P(n—1)—A"'K0n)Z"(n)P(n—1)

Let us define the kernels vect6t of the training filterC',,) as ]
AT N C(n) =C(n—1)+ K(n)e(n)

¢ =(& Cr ) ©) The most common choice for the initial condition®B{n) is P(0) =
whereC', is given by 2 whgr_e] is the identity matrix ang is a constant reflects our trust
in the initial parameter vectar'(0).

3 . (6) 4. THE KF ALGORITHM
Writing Eq. (2) and Eq. (3) in vector form, we have
y(n) = CT(n)X(n) @) The Kalman filter (Kl_:) algorithm [6, 7] is a v_veII studied algorithm
that provides the optimal (mean square) estimate of the system state
j(n) = C'T(n) Z(n) (8) vector and also has the ability to track time-varying parameters. The
T _T KF is usually presented for state-space equation whose matrices may
whereC” (n) = C" (n) and be time varying.
z(n) In order to construct the state space model for the ILA method,
z(n—1) the kernel vectoC' is modeled as a random walk or a drift. Hence,
the training filter has the following state-space model
; Cin+1)=C(n)+v(n)
X(n) = z(n—N+1) ’ ~ (15)
= : j(n) = " (W) Z(n)
z(n)z(n)---z(n) where E{v(n)vT (m)} = R16n,m and the covariance matrik,
: describes how fast different componentIbare expected to vary.
: Applying Kalman filter to the state-space model (15) gives the
o(n—N+1Dan—N+1)---z(n—N+1) ©) following recursive algorithm [6, 7]:
(Z(n)1) e(n) =C" (n—1)(X(n) — Z(n))
zZ\n —
) Kn)=0+Z"(n)P(n—-1)Z(n)) 'P(n—1)Z(n) (16)
: _ 1) T _
Hn—N+1) IND(n) = 1~3(n 1)-Kn)Z (n)P(n—1)+ Ry
Z(n) = : : C(n) = C(n—1) + K(n)e(n)
Z(n)z(n)' - 2(n) The design variabld, plays a similar role to that of the forgetting
factor X in the RLS algorithm (14). In case of tracking time varia-
tions of the Volterra kernels\ should be small oR; is large. On

zin—=N+1)z(n—N+1)---z(n—N+1) the other hand, for good convergence properties and small vasiance
(20) of time-invariant kernels) should be close to 1 dR; close to zero.



5. THE RPEM ALGORITHM

RLS
—--KF

The RPEM algorithm [6, 7] is derived by a minimization of the cost — RPEM
function
1 X
N1 2 ~ _o5h
V(€)= lim 5 Z;E [5 (n, C)] (17) =\
~ g
wheree(n, C) is the prediction error defined as )
e(n, C) = y(n) = 4(n,C) (18)
The RPEM algorithm gives consistent parameter estimates under
weak conditions in case the asymptotic cost function has a unique
stationary point represents the true parameter vector [6, 7]. -35; 0% 2050 3050 2000 000
The formulation of the RPEM algorithm requires the negative Time (samples)

gradient of=(n, C). Thus using Egs. (8) and (18), we have

Fig. 2. Comparison between the RLS, KF and RPEM algorithms for

de(n,C) _ dy(n,C) _ Z(n). (19)  atime-invariant nonlinear system.

dC dC
Hence, the RPEM algorithm [6, 7] follows as

() = -

As a measure of performance, the mean square distortion of the
T : ; - :
e(n) =y(n) — C" (n—1)Z(n) Lc:/t;lusa)gtde?sc[g?ssts of the predistorter plus the nonlinear system is
A(n) = An—=1)4+1— X,

S(n) = 9" (n)P(n = 13 (n) + A(n) (20) D(n) = 10log,, (E{<z<n> - d(n)>2}> 22)

P(n) = (P(n—1) E{d>(n)}
= P(n—1Dy(n)S™ (m)p(n)" ()P(n = 1)) /A(n) where E{.} is the mean obtained b}0® independent realizations
C(n) = C(n—1) + P(n)p(n)e(n). andd(n) is the desired signal defined as
Here\(n) is a forgetting factor grows exponentially to Lias— oo d(n) = z(n — 1) + v(t). (23)

where the rate\, and the initial value\(0) are design variables.
Remark 1: In case of predistortion of time-varying nonlinear sys-
tems, the RPEM algorithm of (20) can be modified to:

Herer is the time delay necessary to have a causal predistorter and
v(t) is zero-mean additive white Gaussian noise (AWGN). In this
simulations, the desired signé(n) is chosen such that a signal to

e(n) = y(n) — (n —1)Z(n) noise ratio (SNR) of 40 dB is achieved.
- Remark 3: The delay timer equals zero in case the system to be
S(n) =4 (n)P(n—1)¢(n) + 12 (21)  compensated is minimum phase [3].
P(n)= (P(n—1) Example 1. Compensation of distortion for atime-invariant non-
-1 T _ . linear system.
~ — P(n—1y(n)S (n)p(n)” () P(n 1)) + Rs In this example, a comparison study between the RLS, KF, and RPEM
C(n) =C(n—1)+ P(n)p(n)e(n) algorithms is given. The input-output relation of the nonlinear sys-

. . . ) . temH ) is chosen as
wherer, and R are the gain design variables, see [7]. This modifi-

cation transforms the problem into Kalman Filter (KF) formulation. z(n) = Hey [y(n)] = H1 [y(n)] + Hz [(y(n)] (24)
Remark 2: Since our system model is linear in parameters, the gra-

dient calculation in Eq. (19) leads w(n) = Z(n). Hence, the Where the first-order kernel matrid , is given as

two algorithms (16) and (21) are expected to perform similarly. An
identical performance of these two algorithms is obtained in case the
design variables are chosemas= 1 andRs; = R;.

H;= (05625 04810 0.1124 —0.1669 )  (25)

and the second-order kernel mathks is

6. SIMULATION STUDY 0.1749 0 0
H, = 0 0 —0.0875 (26)
In this section, a comparison study between the RLS, KF, and RPEM 0 —0.0875

algorithms is given using computer simulations. Two examples are

given. In both examples, the nonlinear systéi,) is a known The simulation results are shown in Fig. 2. All the three algo-
secorld-orderVoIterra system. The predistofiey) and the training  rithms were initialized withC'(0) = 1 and P(0) = 10I. Also,
filter C ,,) are also assumed to be second-order Volterra filters. This = 0.99, Ry = 107°I, A, = 0.99, andA(0) = 0.95. The re-
means that = p = 2. Also, the number of memories is chosen sults of Fig. 2 show that the KF and the RPEM algorithms provide
to be N = 3. The input signal to the predistorter is chosen as aa lower total distortion than the RLS algorithm. On average, the
Gaussian random signal 8fx 10° samples with variancé whose  achieved values ob are -30.53 dB, -31.64 dB and -32.36 for the
frequency band is limited to prevent aliasing [3, 8]. RLS, KF and RPEM algorithms, respectively.
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Fig. 3. Comparison between the RLS, KF and RPEM algorithms forFig. 4. Comparison between the RLS, KF and RPEM algorithms for
a time-varying nonlinear system. an abrupt change.
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