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Two novel memory polynomial models for
modeling of RF power amplifiers

PER N. LANDIN">>#

, KURT BARBE®>, WENDY VAN MOER’, MAGNUS ISAKSSON' AND PETER HANDEL?

Two novel memory polynomial models are derived based on physical knowledge of a general power amplifier (PA). The deri-
vations are given in detail to facilitate derivations of other model structures. The model error in terms of normalized mean
square error (NMSE) and adjacent channel error power ratio (ACEPR) of the novel model structures are compared to that of
established models based on the number of parameters using data measured on two different amplifiers, one high-power base-
station PA and one low-power general purpose amplifier. The novel models show both lower NMSE and ACEPR for any
chosen number of parameters compared to the established models. The low model errors make the novel models suitable can-

didates for both modeling and digital predistortion.
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. INTRODUCTION

In wireless communication, it is necessary to boost the power
of the transmitted signal to such a level that the signal is not
masked by the noise and interference when it reaches the
intended receiver. The necessary amplification is handled by
the radio frequency (RF) power amplifier (PA). However,
RF PAs tend to have either low distortions and low-power effi-
ciency (a small fraction of consumed power is converted into
useful RF signal), or large distortions and high-power effi-
ciency [1].

The distortions introduced by the RF PA are dynamic and
nonlinear. The linear dynamic distortions, also known as
linear frequency dependency or linear memory effects, intro-
duce errors in the transmitted signal within the band. These
errors degrade the performance of the communication
system in the form of increased bit error rate (BER) at the
intended receiver. The nonlinear distortions, which typically
also are dynamic, also decrease the performance of the com-
munication system by distorting the transmitted signal
within the band [2, 3]. However, nonlinear distortions do
also cause spectral regrowth, i.e. a spectral spreading of the
input signal. This spectral spreading means that energy is
leaking into adjacent channels, possibly interfering with
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other transmitter-receiver pairs operating in that frequency
range. In order to limit these effects, regulatory bodies have
put limitations on the amount of allowed power leaking into
adjacent channels or requirements of passing a spectral
mask. Two examples are the limits on adjacent channel
leakage power ratio (ACLR) specified by 3rd Generation
Partnership Project (3GPP) [4, 5].

In order to reduce the distortions, linear PAs can be used at
the cost of significant loss of power efficiency which is not
acceptable. Therefore, one method is to design a nonlinear
and power efficient PA and then apply a correction technique
to reduce the distortions. In this way a linearly behaving and
power efficient transmitter is achievable. The linearization can
be implemented using a number of techniques. Among these
are feedforward, feedback, predistortion, and linear amplifica-
tion using nonlinear components (LINC), to mention a few [6].

One popular method is through digital pre-distortion
(DPD), i.e. to place an inverse of the PA distortions in front
of the PA such that this inverse cancels the distortions gener-
ated by the PA. When designing the inverse it is first necessary
to know how the distortions are affecting the signal, i.e. the
direct model of the PA should be known such that the
inverse of the distortions can be computed. However, it also
turns out that under the assumption of negligible linear fre-
quency dependency, the inverse model has the same form,
considered as Volterra kernels, as the direct model [7]. This
is commonly used in DPD by utilizing the same model struc-
ture for direct modeling as for linearization, see [7-11] for a
few examples.

Memory polynomial (MP) models appear to have become
the de facto standard for RF PA modeling [12]. One of
the most commonly used MP models is the parallel
Hammerstein (PH) [8, 13]. Another commonly used model
structure is the generalized memory polynomial (GMP) pro-
posed in [14]. Other MP models have also been proposed,
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but most of them appear to have been constructed in a, more
or less, ad hoc manner. The performance of the models have
then verified by measurements of different PA in labs through-
out the world. Not until recently has physical motivations for
some of these models been given by [15].

In this paper, we propose to start from general physical
knowledge of a RF PA and use this to derive two novel MP
model structures. The derivations and necessary assumptions
are given so that it is possible to derive other model structures,
if desired.

The performance of the derived models is tested using
measured data from two RF amplifiers, one high-power PA
and one general purpose low-PA. The model error of the
two novel model structures is shown to be lower than for pre-
viously proposed model structures given a certain number of
parameters. A relation between one of the derived models and
the third-order Volterra kernel of the tested PA is also shown.

The background and the derivations are given in Section II.
Experimental setup is described in Section IIT and results
together with the discussion in Section IV. Conclusions are
then drawn in Section V.

. THEORY

This section introduces the background knowledge in the
form of the nonlinear feedback system from [16] and
derives the two novel MP models, given certain properties
of the RF PA.

The information-carrying signal in most wireless commu-
nication signal is a so-called (real-valued) band-pass signal
[17], ie. it is a narrowband modulated signal centered at a
high-frequency carrier. Typical examples are telecommunica-
tion signals with bandwidths of 5 MHz and carrier frequencies
of several GHz as in the universal mobile telecommunications
system (UMTS). However, because the only behavior of inter-
est is that close to the carrier a more commonly used represen-
tation is the (possibly complex-valued) equivalent lowpass
[17]. In this section, all equivalent low-pass signals use the
subscript LP, ie. x;p(t),yrp(t) whereas the corresponding
band-pass signals are x(t),y(t).

The relation between lowpass and bandpass can be
expressed as [17]

x(t) = a(t) cos (ot + P(t)) = R a(t)e™V e !}
R{XLp(t)eiw"t}, (1)

where a(t) is the amplitude modulation, ¢(t) is the phase
modulation and o, is the carrier frequency. R{-} denotes the
real part of a complex number. We assume that the input
signal x(t) to a PA is narrowband, i.e. that the modulation
bandwidth is narrow compared to the carrier frequency.
This means that the signal spectrum centered at one harmonic
does not overlap with the spectrum from another harmonic.

The physical knowledge about the PA behavior comes from
a nonlinear circuit representation in [16] transformed to a
nonlinear feedback system [16] shown in Fig. 1. The passive
input and output matching networks are represented by
dynamic linear band-pass filters Hy(w) and Hp(w) centered
at the carrier frequency. The feedback filter F(w) is a
low-pass filter representing low-frequency or “long-term
memory” such as thermal memory and bias modulation [18].
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Fig. 1. The model structure proposed in [16], which represents the band-pass
behavior of a RF PA. Hi(w) and Hpo(w) are linear filters representing the input
and output matching networks, F(w) is a linear filter for the feedback
representing bias modulation and thermal memory effects, and K(-) is a
static nonlinearity [18]. x(t) is the input voltage, and y(t) is the output voltage.

The frequency regions of the three linear filters are illustrated
in Fig. 2.

The block K(-) is the nonlinear current source generating
the nonlinear distortion. This nonlinearity mainly depends
on the class of operation, i.e. A, AB, B etc. It is assumed
that the static nonlinearity K(-) can be represented by the
polynomial

P
Klu®] =) ap(1), (2)
p=1

where a, are the polynomial coefficients. For simplicity we
also assume that P is odd. We can equally well use an even
P; the only change would be the upper summation limits.
Note that the model in Fig. 1 is used as a model at a given
operating point, i.e. a, is o.

Using the assumption of a polynomial static nonlinearity
makes it impossible to derive terms involving x(n)|x(n)|* ",
where p is a positive integer. However, in [19] it was shown
that these “even” terms only induce a difference in the trunca-
tion error already present in the models due to finite nonlinear
order, i.e. the model representations are identical up to the
truncation error of order O(P + 2), where P is the odd
model order. However, it should be noted that these “even”
terms also have a physical meaning for systems that have
two (or more) inputs. In [20], it was discussed how the
supply voltage ripple is mixed onto the carrier through
the multiplication between the low-frequency ripple and the
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Fig. 2. Illustration of the filter behavior with the input and output signals from
the static nonlinearity K(-). The low-pass filter F(w) removes all signal
components above a given frequency, which is here illustrated as retaining
the spectral components close to DC. The filters H{(w) and Ho(w) are
band-pass filters that pass the frequency components close to the carrier.
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carrier signal in the even order nonlinearities. Thus, the ripple
appears in the high-frequency band-pass region. The results in
[15] can be interpreted in a similar fashion, namely that there
is a second input signal that also affects the nonlinear behavior
in the pass-band region.

We assume that the frequency dependency of the input
matching network is negligible so that the signal u(t) is only
a delayed and linearly scaled version of x(t), i.e.

u(t) = hix(t — o), (3)

where /; is the amplitude scaling and &; is the delay. This is
reasonable as a strong frequency dependency would degrade
the error vector magnitude (EVM) of an amplified signal con-
siderably. Without this assumption the resulting system would
be a Wiener-type system, i.e. a dynamic linear block followed
by a static nonlinearity. If a PA would present significant
memory effects in the input matching network,
Hammerstein and MP approaches would result in large
model errors, which is not normally the case.

The output of the static nonlinearity can then be
expressed as

v(t) = Kle(®)] =

P
=2 ap
p=1

Klu(t) — fxv(1)]
[a(t) cos[wct + p(t)] — fru(t)]F, (4)

where a(t) and ¢(¢) are the amplitude and phase modulation,
respectively. Here, f is the impulse response of the feedback
filter F(w).

v(t) is really the result of an infinite sum of loops in the
feedback path. However, for practical MP models it is
assumed that both the nonlinear order P and the memory
depth is finite. Thus, it is assumed that the feedback can be
broken to get the signal v,(t) which denotes the output from
K(-) after one loop in the feedback path:

P
vi(t) =) apla(t) cos[wt + (1)]

p=1
+ O([fv()]). (5)

— frv(t)y

The notation O(-) denotes the Ordo-notation [21] which
tracks the largest order of the truncation error. In this case
the truncation errors are on the order of [f*v(¢)]*

Maintaining the feedback leads to a kind of repeated
Wiener structure because the filtering of v(t) by F(w) followed
by the static nonlinearity K(-) is indefinitely repeated in the
feedback loop. This repetition results in a signal v(¢) of infinite
nonlinear order and infinite memory. Breaking the feedback
loop is discussed in [18, 22-25].

If the filter F(w) is assumed to be a low-pass filter, it is pos-
sible to split v(t) into two components

v, (t) = vpc(t) + vee(t) + O([f+v(1)]*), (6)
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such that

vpe(t) = Z Z (

p=1 r=1

)uz(rfl)(t)
)
X [f*v(t)]Piz(ril),

has spectral components close to DC and

( )uzrfl(t)
(2r — (8)

x [=frv] 7,

|_p+1

vee(t) = Z > a

p=1 r=1

has spectral components close to the carrier. If the feedback
filter F(w) is also allowed to pass signal components at the
fundamental and second harmonic the resulting model
becomes more complex, as shown in the Appendix.

F(w) is assumed to be of low-pass character which means
that only the signal components close to DC are kept. Thus,
the signal components that are output from F(w) contain
even orders of u(t). Furthermore, because the feedback is
broken after one round, there is no additional filtering
taking place, i.e. the output signal is given by

=
=fx ) bpa(1). (9)

p:l

fv(t)

The coefficients b,, = a,,/ 2? are scaled versions of the Asp-

coefficients.  This scaling comes from considering
apu (t) = azp{az(t)/z[l + cos (2wct)]}P and comparing
with (9).

The signal components close to the carrier should now be
found. Only odd powers of u(t) can be present. Even powers
are located either at DC or at the even harmonics. However, a
common form of MP models also uses the so called “even
order” terms x;p(¢)|x.p(£)| %™V, where p is an integer, in add-
ition to the standard odd terms x;p(t)|x;p()|*? ™. These
“even order” terms cannot explicitly be derived using the
assumptions in this paper. However, in [19], it was shown
that the representations using “even order” terms is nothing
but a change of basis compared to the standard odd order
terms, up to a truncation error that is of the same order as
the model truncation. Thus, in terms of descriptive perform-
ance there is no essential difference between odd and “even”
order MP terms.

The signal components close to the carrier can then be
expressed as

p+1

v, (t) = Z Z ap<

p=1 r=1

x [=fv®) [P 1O frv]?).

) ——u(t)e?" (1)
—1/2

(10)

This result follows from using the broken feedback of (9)
in (5).

Two models are derived in the following starting from (10).
We present them in separate sub sections in the following.
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Before continuing, some notation related to bandwidth and
sampling of the continuous time signals is introduced. The
low-pass equivalent MP models are sampled in time at a sam-
pling rate of T,. The low-pass equivalent signal sampled at
time instance nT is denoted by x;p(n). To avoid confusion
the following definition of relevant bandwidth is introduced:
By the relevant bandwidth of a signal, we mean a closed neigh-
borhood around DC for low-pass equivalent signals and
around the carrier for band-pass signals.

A) Model 1: EEMP

The first, to the knowledge of the authors, novel model is an
extension of the envelope memory polynomial (EMP) pro-
posed in [10, 11]. The EMP model lacks linear memory
terms, making it less suitable for describing systems where
there is a linear frequency dependency.

To derive the extended envelope memory polynomial
(EEMP), we assume that the only significant mixing
between the feedback term and the input signal is given by
the second-order nonlinearity in K(-) as

u(t)[ — fxv(t)]. (11)

Mixing of higher orders of the feedback signal —f*v(t) and
odd harmonics of u(t) are assumed to be negligible. However,
terms containing the static nonlinear behavior from K(-) are
still included. In other words, the terms from (10) that are rele-
vant fulfill eitherr=1,p — (2r —1)=10rp — (2r — 1) =0
irrespectively of r.

These reductions lead to rewriting (10) as

|22+
)= Y L u®)fx?? () + Of (1)),  (12)

p=1

with Gyp—y = aap— — Fbap-1)s (|22 41)—1 =
and f = 1 — f. Details of the derivation are provided in [26].

Filtering v,(t) from (12) by the output filter Hp(w)
results in

~5 b

|22+

=3 azp_lho*{u(t)f‘*a2<fﬂ>(t)].

P:l

(13)

Converting (13) to baseband would result in a model
similar to the GMP. However, the interest is not in the
GMP model. Instead, using two additional assumptions, one
related to the relative power of the linear and nonlinear
signal components and the other to the frequency dependency
of Ho(w) and F(w), a model with reduced parameter-
complexity can be found.

The first assumption states that the power of the linear
signal component is significantly larger than the power of
the nonlinear signal components in (13). This is a reasonable
assumption as the PA is assumed to be weakly nonlinear.

The second assumption means that the frequency depend-
ency of Ho(w) is considerably smaller than the frequency
dependency of F(w), within their relevant bandwidths.
Frequency dependency here means any deviation from con-
stant gain and linear phase. The exact definitions are clarified
in [26].
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These two assumptions together means that the linear
filtering by Ho(w) affects the linear term of (13) but can
be ignored for the nonlinear signal components. This results
in

|22+
Y1) = ahoxu(t) + Y aapu(O)f v (D),
p=2

(14)

The above assumptions might seem controversial at first.
However, the difference in signal power between linear and
nonlinear components is significant. Thus, the total model
error incurred by these assumptions is negligible when
viewed as a total model error, e.g. the normalized mean
square error (NMSE). However, it does not hold for the adja-
cent channel error power ratio (ACEPR), which focuses on the
nonlinear signal components that are affected by the filtering.

Transforming (14) to baseband and sampling results in

M,
yip(n) = Y by, xp(n — m,)

m,=0
=] M,

+ YDy fn () xLp(n — my) 7Y,

p=2 m,=o

(15)

where h and f are the resulting impulse responses. However,
(15) is nonlinear in the parameters a,,—, and g, . By
applying a “parallelization”, i.e. allowing the filters to vary
independently between the nonlinear orders, the EEMP
model is found as

M,
yip(m) = Yy xip(n — m,)

m,=o
=) M
+ Z Z gzpfl,mzxLP(n”xLP(n - m2)|2(P71),

p=2 m,=o0

(16)

where hy, and g, 1, are the model parameters that are to be
identified. Note that this operation is only done to provide an
estimation problem that is linear in the parameters. The
“parallelization” of filters is the same that transforms a
Hammerstein structure into a PH, as shown in [27]. This
parallelization brings the disadvantage of significantly
increased parameter count.

The EEMP is a model that to the knowledge of the
authors is a novel model structure for RF PA behavioral
modeling.

B) Model 2: MNOMP

The mixed nonlinear order memory polynomial (MNOMP)
model is a, to the knowledge of the authors, novel model
structure that puts less restrictive assumptions on the
mixing between the feedback signal components and the
input signal in (10). Discarding all terms that do not fulfill
either of

(17a)
(17b)

p+@r—1)=o,
p+@r—1)=1,
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in (10), the result is

22 (22
) =Y > by uO? I (O)f e (1),

—1 r=1

where 5121,_1,0 =y, (P f 2>A— boazp—1<p E L >, élzp—l,r =
azpﬂ(p}_) l)bzy ifr>1andf =1—f.

Apply the filter Ho(w) to (18) and convert to baseband to
get

(18)

22 12

)’LP(t) = Z Z ézpfl,rho

p=1r=1

2O PP Pl | (o)
Sampling (19) results in
2] 122 M,
yp(n) = Z Z Z tapr rho(m,)
i [xLp(n — m,)xep(n — m,) PP~
%:f(mz)*MLP(” —m, — mz)l”}. (20)

If the filters hp(m,) and f (m,) are considered to be inde-
pendent of nonlinear order, i.e. parallelizing the filters [27]
as was done for the EEMP, (20) results in

= B oM

yip, mnomp(n) =
p=1r=1m; =o0

X Z gp,r,m,,mzxLP(n - ml)

m,=0

lxzp(n — m,) PP |xp(n — my — m,)|” (21)

Note that the upper summation limit over r has been given
additional freedom compared to (20) by allowing R to vary
independently of P. This is reasonable as the relative size of
the feedback terms is not known. Thus, in order to have effi-
cient parameterizations it is necessary to allow R to vary inde-
pendently. The coefficients of the MNOMP model g r.m, m,
are to be determined using suitable identification methods.

Note that the MNOMP is a superset of commonly used
model structures. The MNOMP results in the following
special cases if the nonlinear orders and/or memory depths
are restricted:

e PH,ifR=1

e GMP,if P=1
e EMP,if P=1and M, = o.

C) Review of memory polynomials

As mentioned in the introduction, a large number of MP
models have been proposed in the literature. The most com-
monly used of these models are here introduced for purposes
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of comparison with the models derived in the previous
section.

The model structures considered here are only allowed
to use the odd order representation [28, 29], i.e. terms
containing xp(n)|xp(n)|* P~ and no “even” order terms
xrp(n)|x p(n)|??~". It was in [19] shown that these two repre-
sentations are equivalent up to the nonlinear order of the
model.

The PH was introduced in [8, 13] as

14 M
yippn(m) =Y byuxip(n — m)|xip(n — m)PPY, (22)
p=1m=o

with coefficients b, ,,, nonlinear order 2P—1 and memory
depth M.
The GMP was proposed in [14] as

)

m,=—M, m,=—M,

M;

P
yre.omp,fun(n) = Z
P =

X bp,m,,mzxLP(n - ml)'-xLP(n —m, — m2)|2(1’*1), (23)

with coefficient b n,,m,» nonlinear order 2P—1 and memory
depths M, and M,. The original publication [14] also
allowed even order terms but we have chosen not to include
these.

A common reduced version of (23) is obtained by remov-
ing the negative time-indexes to get

YLP, cmp(n

P M, M,
E E E Cp,m,,m,
=1m, =om, =0

x xpp(n — my)|xpp(n — my — m,) 2P0 (24)

The number of parameters, ¢y, m, is significantly reduced
for a given memory depth and nonlinear order compared to
(23).

The extended parallel Hammerstein (EPH) model was pro-
posed in [22] based on the same feedback system as was used
in this paper. The EPH is given by

;VLP,EPH(H) =

M,
Z dp,m,,mzxLP(n - ml)
ma= o (25)

x |xpp(n — m,) 270,

with parameters dj, m, and memory depths and nonlinear
order as earlier.
The EMP model was first given in [10, 11] as

P M
yipemp(n) = Z Z hpmxrp(n)|xpp(n — m)|*P7,  (26)
p=1m=o0

with parameters A, .

With these commonly used behavioral models, we will
compare the model performance using data from a class-AB
RF PA.

23
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. MEASUREMENT SETUP

The performances of the previously derived models are to be
compared using data measured on two commercially available
RF amplifiers. One is a class-AB triple-stage PA from Ericsson
AB. It had 52 dB small-signal gain and a rated 1 dB compres-
sion point output power of 53 dBm. The PA operated in the
2110-2170 MHz band and was intended as a multi-carrier
PA in the UMTS using WCDMA-signals and feedforward lin-
earization. The feedforward linearization was disabled during
the tests.

The other amplifier was a Mini-Circuits ZVE-8G general
purpose wideband linear amplifier. It had a nominal small-
signal gain of 30 dB and output 1 dB compression point of
30 dBm. The used center frequency was 2.15 GHz.

The used test signals were of wideband code division mul-
tiple access (WCDMA)-type with peak-to-average power ratio
reduction (PAPR) of approximately 7.3 dB. These signals are
chosen as test-signals because the high-power PA was
designed for use with this kind of signals. The signal was gen-
erated using a clock of 30.72 MHz and sampled at 40.8 MHz.
Two different data sets are used, one for identification of the
parameters and one for validation of the performance. The
number of samples in both identification and validation
data set was 54 400. The amplitude to amplitude conversion
(AM/AM) and amplitude to phase conversion (AM/PM)
plots using the identification signal are shown in Fig. 3 for
both amplifiers.

The measurement setup consisted of a vector signal ana-
lyzer, a R&S FSQ26, and a vector signal generator, a R&S
SMU200A. In order to reduce the effect of non-idealities in
the signal generator and analyzer, not only the output from
the PA under test was measured, but also the input signal
[30]. The noise in the measured input signal turns the iden-
tification problem into a nonlinear error-in-variables
problem [31]. In order to reduce the impact of the noise,
250 coherent averages [30] were used. After averaging, the
input data to the PA had an ACPR of approximately
—76 dB for both identification and validation data sets.

Input and output data are synchronized using a coarse syn-
chronization based on cross-correlation followed by a sub-
sample synchronization in frequency domain, essentially a
linear-phase interpolation [30].

AM/AM [dB]

-20
Input power [dB]
(a)

AM/AM [dB]

-20
Input power [dB]
(c)

-10 0

-10 0

Iv. MODEL VALIDATION RESULTS

The model performance evaluation criteria are introduced and
motivated, and the performance of the models are compared
based on the introduced criteria.

A) Parameter extraction and performance
evaluation

To evaluate the performance of the RF PA behavioral models,
two aspects of behavioral model performance are normally
considered [12]: the in-band and the out-of-band performance
measured by the NMSE and the ACEPR, respectively. It should
be recalled that the models are derived by discarding terms that
are expected not to influence the total error, i.e. the NMSE, sig-
nificantly. However, it is not necessarily true that the discarded
terms are insignificant for the ACEPR. It is not uncommon to
have more than 10 dB difference in NMSE and ACEPR, which
means that a term that reduces the ACEPR significantly does
not necessarily have any significant impact on the NMSE.
We have nevertheless chosen to include the ACEPR to give
an indication of the out-of-band model performance because
this commonly is of great interest [12].
In frequency domain the NMSE is given by

[ ouNdf

NMSE = N
[ @,()df

(27)

where ®.(f) is the spectrum of the model error e;p(t) =
Yep(1) = Yimoa» (1) and ®,(f) is the spectrum of the mea-
sured output signal. The integrations are carried out over
the available bandwidth.

The ACEPR is given by

fmax. adj. ch. q)e(f)df

ACEPR = ,
[, ®y()dlf

(28)

where the integration in the numerator is performed over the
adjacent channel with the largest power and the integration in
the denominator is performed over the channel containing the
signal. The channel bandwidth is in this case 5 MHz, similar
to the 3GPP specifications for ACPR [5].

20 -15 -10

Input power [dB]
(b)

-25 -20 -15 -10 -5 0
Input power [dB]
(d)

Fig. 3. AM/AM and AM/PM for the tested amplifiers. The amplifiers were operated in a compression of approximately 2.5 and 1.4 dB, respectively. (a) AM/AM
Ericsson PA, (b) AM/PM Ericsson PA, (c) AM/AM ZVE-8G, (d) AM/PM ZVE-8G.
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Fig. 4. Convex hull of the NMSE and ACEPR for the different models presented earlier versus the number of parameters for the Ericsson PA. (a) NMSE Ericsson

PA, (b) ACEPR Ericsson PA.

It is impractical to show the NMSE and ACEPR versus a
given nonlinear order or memory depth due to the large
number of possible combinations. Therefore, we have chosen
to compare the performance (NMSE and ACEPR) as functions
of the number of complex-valued model parameters using the
convex hull. The settings of nonlinear order and memory
depths that result in the convex hull are then separately
reported to give an idea of which has the largest influence,
memory depth or nonlinear order.

The approach is motivated by two reasons. One is that the
complexity in terms of memory and computational load is
approximately proportional to the number of parameters
when the models have some structure [32]. As an example con-
sider the model x(n)(a,|x(n — 0)|* + a,|x(n — 1)|*) with signal
x(n) and (known) parameters a, and a,. When n goes from 1 to 2
the term |x(1)|* can be re-used. This was the approach taken in
[32] by evaluating the number of floating-points operations that
a model of given order (nonlinear order and memory depth)
needs when it is evaluated. The second motivation comes from
the parsimony principle [27] which (simplified) states that of
two models with the same performance the simplest model
should be used. This is because the variance of the parameter
estimates in general increases when more parameters are
estimated from a given set of noisy data [27, 33]. Thus, model
performance is evaluated by considering NMSE and ACEPR
as functions of the number of model parameters.

The chosen error criterion for parameter extraction is the
standard sum-square error. Thus, for models that are linear
in the parameters, the standard linear least-squares method
can be used for parameter extraction. To reduce the problems
with badly conditioned regression matrices, a scaling and
shifting [34], and the SVD in Matlab is used.

All models are extracted using “compact memory” [35], i.e.
all memory taps are considered to contain information. In [35],
it was proposed that a sparse modeling approach based on the
iterative selection of the taps that result in the lowest model
error, thus reducing the number of required model parameters,
be used. Another approach to achieve similar results is the use
of the LASSO method for parameter extraction, as in [36].

B) Performance comparison

Results from the modeling in the form of NMSE and ACEPR
are compared using the method of plotting the convex hull, as
proposed in [32]. The motivation behind this method is that
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for a given model complexity, in this case, the number of para-
meters, we are interested in the model that has the lowest
model error. In general, there are a large number of parameter
settings (choice of nonlinear orders and memory depths) that
do not result in low complexity or low model error. However,
there is in general no interest in using such a model. Thus, the
only models of interest are those on the boundary of model
error and complexity.

The convex hulls of the NMSE and ACEPR for the Ericsson
PA are presented in Fig. 4. For the NMSE, the MNOMP has
the lowest model error when more than 50 complex-valued
parameters are considered, with lowest NMSE of —40 dB.
This is more than o.5 dB lower than the EEMP, EPH, and
GMP give. For less than 50 complex-valued parameters, the
lowest NMSE is given by the EEMP model, with MNOMP
giving the second lowest NMSE.

The de facto standard PH model has the highest NMSE inde-
pendent of the number of parameters. The largest difference in
terms of NMSE between the EEMP and any of the models intro-
duced in Section IV(C), PH, GMP, “full” GMP, EPH, and EMP,
occurs for 22 parameters and is more than 1 dB.

For the ACEPR shown in Fig. 4, the EEMP, MNOMP, and
GMP models are within 0.1 dB for less than 30 parameters.
For more than 50 parameters the MNOMP has between 1
and 1.5 dB lower ACEPR compared to the GMP. For 30-50
parameters the MNOMP and EEMP are similar, approximate-
ly 0.5 dB lower ACEPR than the GMP.

For the EEMP models with the lowest NMSE, i.e. those
on the complexity-model error boundary, the M, is low, typ-
ically 1-2 for models with less than 30 parameters. For the
MNOMP and the models that are on the complexity-model
error boundary, P ranges from 9 to 13, R is 4, M, ranges
from 1 to 2, and M, from 6 to 8. Note that this is for this par-
ticular PA.

Results in the form of the convex hull of the NMSE and
ACEPR for validation data from the Mini-Circuits amplifier
are presented in Fig. 5. The PH model has the highest
NMSE of all models, independent of the number of para-
meters. The EMP model has higher NMSE than the remaining
models, except for the full GMP when less than 17 parameters
are used. Independent of the parameter count, the EEMP
model has the lowest NMSE. The largest difference is on the
order of o.7 dB for about 10 parameters. However, for the
EEMP, EPH, GMP, and MNOMP, the differences in NMSE
disappear when more than 30 parameters are used.
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Fig. 5. Convex hull of the NMSE and ACEPR for the different models presented earlier versus the number of parameters for the Mini-Circuits ZVE-8 G amplifier.

(a) NMSE ZVE-8G, (b) ACEPR ZVE-8G.

Concerning the ACEPR in Fig. 5, the EEMP has the lowest
values for less than 30 parameters, ranging from —s55 to
—62.5 dB. For more than 30 parameters, the MNOMP
model has lower ACEPR values ranging from —63 to
—65 dB for more than 100 parameters. The EMP model has
7-10 dB higher ACEPR than all of the other models, except
the PH where the difference is on the order of 2 dB.

The parameters settings for the EEMP and MNOMP
models forming the convex hull of the NMSE for both ampli-
fiers are shown in Table 1. Because the MNOMP and EEMP
models consistently provide lower model errors for any
given number of parameters only these two models are com-
mented upon in detail here.

For the Ericsson high-power PA, the MNOMP finds the
nonlinear crossterms x(n)|x(n — m,)|*> to be important
already at three parameters. Note that this is actually an
EMP (3,2) model. The MNOMP continues to use crossterms
of the type x(n — m,)|x(n — m,)|**~V|x(n — m, — m,)|>. M,
is mostly 1 which again indicates that terms involving pro-
ducts of different memory depths are more important than
products of terms with the same memory depth, as those
found in the PH model. For the EEMP model, it can be
noted that linear memory M, is not of prime concern, but
the nonlinear memory terms M, are.

For the models obtained using data measured on the
Mini-Circuits ZVE-8 G amplifier the parameter settings for
the EEMP do not differ significantly. The main difference is
that the nonlinear order does not have to be equally high to
reach the lowest NMSE. However, for the MNOMP model
there is a substantial difference with how the nonlinear
memory terms appear. For this amplifier, R is high whereas
P is low, quite contrary to the high-power PA. Considering
that these terms come from the feedback, it seems that this
amplifier has significantly more feedback effects than the
high-power PA. The memory depths M, and M, show no sig-
nificant differences.

C) Discussion

Clearly, the MNOMP results in the lowest model error, both
in band and out of band, but requires a large number of para-
meters to do so. The EEMP model has a lower model error,
NMSE and ACEPR, than the other models when less than
32 parameters are considered. For the particular high-power
PA and power level used, the PH model has an NMSE that
is approximately 4 dB larger and an ACEPR that is 3 dB
larger compared to those of the EEMP models, even when
using a larger number of parameters.

Table 1. Parameter settings for EEMP and MNOMP forming the convex hull.

High-power PA

Mini-Circuits amplifier

Model P R M, M, #Parameters NMSE Model P R M, M, #Parameters NMSE
EEMP 1 - [} [ 1 —26.4 EEMP 1 - o o 1 —32.2
3 - o o 2 —32.5 5 - o 1 5 —36.7
9 - 1 4 22 —38.5 5 - o] 1 8 —37.7
9 - 1 5 26 —38.8 7 - 1 4 12 —38.1
9 - 1 6 30 —39.1 7 - 2 6 24 —38.3
15 - 2 8 66 —39.4 9 - 2 7 35 —38.4
MNOMP 1 o o o 1 —26.4 MNOMP
3 o o o 2 —32.5 1 o o o 1 —26.4
1 2 [¢) 2 3 —33.8 3 2 o] 1 4 —36.7
5 2 [ 3 12 —36.6 1 4 o 2 5 —37.1
7 2 1 4 40 —39.0 1 4 1 3 14 —38.0
9 2 1 5 60 —39.5 1 6 1 4 18 —38.1
9 2 1 7 8o —39.7 1 6 1 5 32 —38.3
9 2 1 8 90 —39.5 3 8 1 7 88 —38.4
13 2 2 8 189 —39.9
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In [37], a three-tone signal was used to directly measure
the third-order Volterra kernel of the high-power PA.
According to the results in [37], the dominant symmetry
in the third-order Volterra kernel is of the form H, =
Hj(w,)H;(w, — w,) with H;(w,) = C, where C is a constant.
w;, i € {1,2,3} are the frequencies of the input tones, H, is the
third-order kernel and Hy, is the frequency response. The fre-
quency dependence of Hj close to the carrier is small, hence
H;(w,) = C. The continuous-time version of the third-order
response found in [37] can thus be expressed as

130 = u(t) j h(Du(t — Dt — Ddr, (20)

where hy is the impulse response of H;. Comparing this to the
third-order response of the EMP and EEMP models which is
of the form Zi\f:o gmu(n)|u(n — m)|*, these are found to
share the same symmetry.

In [37], it is further stated that “The term describes the effect
showing that the cascaded quadratic nonlinearities cause a
downconversion to the baseband and upconversion to f.. Any
baseband frequency dependence of Hy will thus cause frequency
dependence of H, that can be measured around f.”. The effect
of downconversion to baseband and filtering followed
by upconversion is the effect of a Hammerstein-Wiener
system, which is what is obtained by assuming that the feed-
back loop is broken, as was also noted in [18].

The terms contained in the EEMP model can also be found
in both the EPH and GMP models. However, neither of those
models can exactly represent the EEMP model by only varying
the nonlinear order P and memory depths M, and M,.
Additional terms will always be present. Estimating those
terms lead to increased parameter variance and noise-fitting
which reduces model performance and increases complexity.

From the results a few conclusions are drawn: the EMP
model is not recommended due to its inability to model
linear frequency dependence, unless it is known that the PA
does not have any significant linear frequency dependence;
the MNOMP model gives the best performance among the
derived model structures but can require a large number of
parameters. The EEMP model results in the lowest NMSE
when less than 30 parameters are used and it outperforms
all other tested model structures. In particular, it has more
than 3 dB lower NMSE compared to the PH model.

The derivations implicitly used a number of assumptions.
It is then relevant to question the validity of these assump-
tions; are they relevant for a PA or merely mathematical con-
structions? What can be said is that if a PA completely failed
to fulfill one of the required assumptions the model perform-
ance would be seriously degraded. We do believe that the pro-
posed approach of using available knowledge of the PA in
order to design behavioral models is a useful method, and
that it can aid in the understanding of the PA nonlinear
characteristics.

V. CONCLUSIONS

Based on a physically motivated nonlinear feedback system of
a PA two novel MP models, the EEMP and MNOMP, were
derived. The performance of these two models is compared
to that of well-known MP models from the literature,
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including the PH and GMP models. Using data measured
on two RF amplifiers, one high-power PA and one low-power
wideband amplifier, it is shown that the EEMP and MNOMP
models have lower model errors for any given number of
parameters compared to the models from the literature. The
necessary derivations are given in such detail that other
model structures can be derived, if it should be desired.

From previous measurements of the PA, the dominating
symmetry of the third-order Volterra kernel is known to
be of the form CH;(w, — w,), which is that of a
Hammerstein-Wiener system [37, 38]. This symmetry is the
same as the symmetry of the third-order kernel of the
EEMP model, which further serves to explain the lower
model errors obtained with the EEMP model.
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APPENDIX

If the assumption of the feedback filter F(w) is changed so that
it passes signal components at the fundamental and the
second harmonic as in [16], a different model structure
results.

Changing the assumption on F(w) changes (4) into

P

n() =Y ay{u(t) - frv(n)}f

(A1)
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if the ordo-term is neglected. f, is the part of —F(w) that
passes signal components at baseband, f, passes signal compo-
nents at the fundamental and f, at the second harmonic. We
choose —F(w) to remove the negative sign of —f*v(t).
Applying the binomial theorem to (A.1) results in

P p pr _
=33 (‘;)(1’ S r)apur(t)

=) ’

< | (o +fi)x Y auu? (1) (A.2)
k=1

28] P

< | fix Y auk () ,
k,=1



http://urn.kb.se/resolve?urn=urn:nbn:se:hig:diva-11168
http://urn.kb.se/resolve?urn=urn:nbn:se:hig:diva-11168
https://doi.org/10.1017/S1759078714000397

TWO NOVEL MEMORY POLYNOMIAL MODELS FOR MODELING OF RF POWER AMPLIFIERS

where the bracket containing (f, + f,) has even order signal
components and the bracket with f, has odd order compo-
nents. There is no difference in the appearance of the equa-
tions if the second order harmonic is allowed to pass F(w).
However, if the first harmonic is also fed back, the model com-
plexity is increased because the last term involving f, also has
to be modeled.
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