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Sammanfattning
Eﬀektförstärkare för radiofrekvensapplikationer utgör fortfarande ett av
de största problemen i trådlösa kommunikationssystem. Detta beror på att
dessa förstärkare är ickelinjära, har låg energieﬀektivitet och ger mycket distortioner. Bättre verktyg för att förstå och korrigera dessa beteenden är nödvändiga. Ett sådant verktyg är beteendemodellering. En beteendemodell kan
ses som en svart låda med insignal(er) och utsignal(er). In detta fall är dessa
signaler samplade basbandssignaler och den svarta lådan är en matematisk
relation mellan en insignal och en utsignal.
Avhandlingen behandlar några krav för beteendemodellering av nämnda system genom att presentera metoder för utvärdering och förbättring av
modellernas prestanda. Detta åstadkoms genom att betrakta ett frekvensviktat felkriterium.
Ett högpresterande mätsystem är också nödvändigt för experimenten.
Prestandan hos det tillgängliga systemet jämförs med prestandan hos ett
allmänt erkänt mätsystem, en s.k. storsignalsnätverksanalysator, genom att
betrakta prestandan hos beteendemodellerna som extraheras och valideras
med data från respektive mätsystem. Resultatet visar att det existerande
mätsystemet har god prestanda.
Ett stort problem vid beteendemodellering är att kunna sampla med tillräckligt hög hastighet. Genom att använda Zhu-Franks generaliserade samplingsteorem vid beteendemodellering kan en del av detta problem undvikas.
Teoremet medför att man kan sampla med en väsentligt lägre samlingsfrekvens än vad Nyquistteoremet säger. Modeller extraheras och prestandan utvärderas genom att använda kriteriet normalized mean square error
(NMSE).
För stabil prediktion och korrektion av utsignalen måste robustheten
hos de använda modellerna veriﬁeras. En sådan studie som berör robustheten mot variationer i lastimpedansen har genomförts. Prestandan på direkta modeller försämras med 7 dB mätt som adjacent channel error power ratio
(ACEPR). Prestanda på inversmodellen, implementerad som digital predistortion, försämras med upp till 13 dB mätt som adjacent channel power ratio
(ACPR).
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Abstract
Radio frequency (RF) power ampliﬁers (PA) are still the most troublesome part of a wireless system due to their inherent nonlinearity, low power
eﬃciency and high distortions. Better tools are needed to understand and
correct the undesirable behavior. Some of these tools are behavioral models.
A behavioral model is often thought of as a black box with some inputs and
some outputs. In the case here these inputs are sampled signals which means
that the modeling amounts to ﬁnding a mathematical relationship between
the input signal(s) and the output signal(s).
This thesis considers some requirements for behavioral modeling of said
systems by presenting methods for general performance evaluation and improvement by considering a frequency weighted error criterion. A high performance measurement system is also needed. The performance of the available
system is compared to the performance of a well recognized system, the large
signal network analyzer (LSNA). The results show that the existing measurement system can extract behavioral models with the same performance as the
LSNA and can give lower performance validation errors.
Still the need for higher bandwidths drives the measurement systems to
the limits, especially the digital parts. By utilizing the so called Zhu-Frank
generalized sampling theorem, behavioral modeling of a PA is done by using
data acquired at a sampling rate lower than the Nyquist rate. Models of a PA
are extracted and the performance is evaluated using the normalized mean
square error (NMSE) criterion.
For prediction and correction of the output signals the stability of the
models regarding changes must be investigated. One such study considering
controlled variations on the output load of the PA is done and both the predictive and corrective capabilities of the models are evaluated. The predictive
capability gets up to 7 dB worse measured as adjacent channel error power
ratio (ACEPR) and the corrective, as digital predistortion, gets up to 13 dB
worse measured as adjacent channel power ratio (ACPR).
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Chapter 1

Introduction
This thesis is devoted to the subject of behavioral modeling of nonlinear radio frequency (RF) systems. Some parts of the behavioral modeling of RF systems is
devoted to modeling of power ampliﬁers (PAs) [1]. This thesis will explore some
requirements and measurement techniques with the goal to improve model extraction.
Large amounts of both theoretical and practical work have gone into the modeling and measurements of linear systems at RF. A complete framework for the
behavioral description of linear time-invariant devices exists. The most fundamental form is probably that of considering the impulse response of a device; if this
property is known the complete response of the linear device is known [2, 3], i.e.
nothing is left to explore. At RF a representation diﬀerent than the impulse response is normally used, namely the S-parameters [4]. The reason for this is mainly
related to the diﬃculty of extracting impulse responses directly from RF devices
and the much larger usefulness of the S-parameters. Special instruments for extracting S-parameters from measurements are also available, normally in the form
of vector network analyzers (VNAs).
However, when approaching the world of nonlinearities nothing is as clear as
in the linear world. Not even in theory is the equivalent concept of the impulse
response completely clear. Under certain assumptions the so called Volterra theory
of nonlinear systems can be considered as a multidimensional, nonlinear, impulse
response [5]. This theory has attracted considerable amounts of attention in nonlinear RF system modeling. In the nonlinear world the Volterra systems have not
gained the same status as the impulse response in the linear world, mainly due to
that it is harder to visualize the multidimensional impulse responses and the excessive amounts of parameters required for achieving good modeling properties. That
said, the Volterra theory has been extensively used in RF system modeling [1, 6, 7].
However, it is usually more intuitive and easier to work with suitable reductions of
Volterra models such as box-models whenever possible.
X-parameters or S-functions [8] are not considered in this thesis as they are
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mainly intended for design and characterization of nonlinear components such as
transistors and mixers. The behavioral models considered here are limited to the
baseband region, that is the frequency range close to the carrier, and can thus
not give any direct information about the harmonic behavior even if the harmonic
inﬂuence on the baseband signal is incorporated in the baseband models. An explicit
description of this behavior is given by the X-parameters/S-functions [8].
That the harmonic behavior (typically harmonic impedance) inﬂuences the total
ampliﬁer behavior is clear when considering the actual RF-waveforms [9]. Some
ampliﬁer technologies are in fact using the harmonics of the RF signal for reducing
the signal level peaks by creating a RF voltage waveform more similar to a square
waveform instead of the more familiar (slightly) clipped sinewave. Actually creating
the “perfect” waveform with inﬁnitely short transition time between on- and oﬀstate would require an inﬁnite amount of sinewaves and nothing less than that
due to the so called Gibbs’ phenomenon [10]. This “phenomenon” says that for a
repetitive waveform with discontinuities there will not be a uniform convergence
for a ﬁnite amount of basis functions (sinewaves) [10] but an overshoot will always
be present. This overshoot approaches an approximate value of 9% of the jump
size [10] as the number of basis functions grows.
The thesis will introduce the basic requirements for baseband behavioral modeling of RF PAs and a foundation for performance evaluation of nonlinear systems
will be given. The importance of knowing if one model has better performance
than another model is often neglected. This is also evident from the large number
of publications on behavioral modeling and models of RF PA and the vanishing
small number of publications on how to evaluate the performance. The situation
improved considerably with the publication of the book [1].
Another basic requirement for PA behavioral modeling is a high performance
measurement system. The system used in this thesis is based on a high performance
vector signal generator (VSG), the R&S SMU200A, and a high performance vector
signal analyzer (VSA), the R&S FSQ26 [11]. Although the bandwidth requirements for telecommunication testing has increased considerably with time, starting
from the channel bandwidths of a few kHz used in analog systems, such as the 25
kHz used in the Nordic Mobile Telephony (NMT) system, increasing to typically
a few hundred kHz in the digital second generation systems such as Global System for Mobile communications (GSM). The continuation is the third generation
with channel bandwidths in the order of a few MHz, such as the Universal Mobile
Telecommunications System (UMTS), with 5 MHz channel bandwidths, and continuing with the "almost fourth generation" systems such as Long Term Evolution
(LTE) with channel bandwidths up to 20 MHz. The basic principles of PA modeling do not change if the signal bandwidth is 5 MHz, 20 MHz or 1 GHz, even if
signals and system designs change with the time.
However, there are problems in the behavioral modeling ﬁeld. The used bandwidths tend to require very high sampling frequencies, as Nyquist once stated [12].
It has turned out that it is possible to cheat this very harsh requirement somewhat when adding some knowledge about the nonlinear device. The theorem was
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ﬁrst given in [13] and used and extended in [14, 15]. The theorem is called the
Zhu-Frank generalized sampling theorem. These publications showed that for measurement based modeling of nonlinear devices it is not necessary to sample at the
Nyquist rate of the output signal but rather that it is suﬃcient to sample the output
signal at the Nyquist rate of the input signal under certain requirements.
A PA working with an input signal bandwidth of 100 MHz easily has an output
signal bandwidth of 500 MHz. Analog-to-digital converters (ADCs) with sampling
rates of 200 MHz and acceptable dynamic range is widely available at reasonable
prices. ADCs with similar dynamic range but sampling frequencies of 1-2 GHz are
not yet available at reasonable prices. Thus the use of the mentioned theorem can
ease the requirements on the equipment, and thus also on the available budget,
considerably.
Another measurement assumption in RF PA modeling seems to be that behavioral models are commonly extracted at (approximately) matched conditions,
as this is what most published measurement setups show [16]. However, this will
relatively seldom be the case when the PA is put into a system where it most likely
will not see the nominal impedance, commonly 50Ω, on the output port. In a real
system it is necessary to take these tolerances into account when constructing the
PA behavioral model. In the worst case the impedance can also vary over time.
From industry there is some interest in determining how easy it is to digitally
predistort components to evaluate the component performance before the components are put into a more complex system, such as a PA. Especially the so called
memory eﬀects of the device is of interest as this is considered more diﬃcult to
correct [17–19]. Behavioral modeling and digital predistortion are therefore used
on a single stage PA in the manufacturer’s test ﬁxture.
That was a short review of the requirements explored in this thesis. The mentioned areas have been investigated and are presented in six papers.
Paper A P.N. Landin, M. Isaksson and P. Händel, Comparison of evaluation criteria for power ampliﬁer behavioral modeling, in IEEE MTT-S International
Microwave Symposium Digest, Atlanta, GA, USA, June 2008, pp. 1441-1444.
Paper B P.N. Landin, M. Isaksson and P. Händel, Parameter extraction and performance evaluation method for increased performance in RF power ampliﬁer
behavioral modeling, accepted for publication in International Journal of RF
and Microwave Computer-Aided Engineering
Paper C P.N. Landin, C. Fager, M. Isaksson and K. Andersson, Behavioral modeling performance comparison of the large signal network analyzer and the
modulation-domain system, in 72nd ARFTG Microwave Measurement Symposium Digest , Portland, OR, USA, December, 2008, pp. 73-78.
Paper D P.N. Landin, M. Isaksson, N. Keskitalo and O. Tornblad, A study of
memory eﬀects in Si LDMOS single transistor ampliﬁers, in Proceedings 10th
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Annual Wireless and Microwave Technology Conference, Clearwater Beach,
FL, USA, April 2009.
Paper E P.N. Landin, C. Nader, N. Björsell, M. Isaksson, D. Wisell, P. Händel,
O. Andersen and N. Keskitalo, Wideband characterization of power ampliﬁers
using undersampling, in IEEE MTT-S International Microwave Symposium
Digest, Boston, MA, USA, June 2009, pp. 1365-1368.
Paper F P.N. Landin, O. Bengtsson and M. Isaksson, Power ampliﬁer behavioural
model mismatch sensitivity and the impact on digital predistortion performance, in Proceedings 39th European Microwave Conference, Rome, Italy,
October 2009, pp. 338-341.

1.1

Contributions of the thesis

The contributions of this thesis are given in six papers related to the area of measurement, extraction, evaluation and performance improvement of behavioral models for RF PAs.
The main purpose is to establish a performance evaluation criterion for behavioral modeling using models extracted on measured data. A second purpose is to
attempt behavioral modeling of nonlinear devices, i.e. PAs, using a digitally bandlimited measurement. This can basically be seen as cheating the Nyquist sampling
rate requirement by introducing extra knowledge in the modeling process, i.e. a
bandlimited assumption and the existence of an inverse function.
A third purpose is to compare measurement systems that can be used for baseband behavioral modeling in terms of the achieved behavioral model performance
based on the previously developed evaluation criteria.
Last, the reliability of baseband behavioral models and the performance of digital predistortion in changing RF environments is investigated. All of the above
mentioned subjects are parts of establishing and improving the knowledge of the
behavior of RF PAs when viewed from the baseband domain, also being the application domain.
The papers are summarized below.
Paper A and Paper B together presents a review of performance evaluation
criteria for behavioral modeling of RF PAs and proposes an improved parameter
extraction and evaluation method.
Paper C compares the performance of behavioral models extracted using a large
signal network analyzer manufactured by Maury Microwave and the modulation
domain system consisting of a vector signal generator (VSG) and a vector signal
analyzer (VSA).
Paper D is an experimental study of memory eﬀects in behavioral models
extracted on single stage PAs using various signal types.
Paper E re-introduces the Zhu-Frank generalized sampling theorem for behavioral modeling of nonlinear systems and presents some speciﬁc issues related
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to performance evaluation of such behavioral models. A specially designed measurement setup based on a wideband downconverter and an ADC is used for the
measurements. A problem related to cross-correlation based synchronization of
wideband input and output signals is also discussed.
Paper F demonstrates possible problems with the usage of behavioral models
and digital predistortion with small changes in the RF environment. These changes
are controlled by inserting an automated tuner at the load-side of the PA, i.e.
basically behavioral modeling in a non-matched environment.

1.2

Related papers not included in the thesis

The following presentations have not been included in the thesis although related
to the subject of study.
P.N. Landin and M. Isaksson, "A review of validation criteria for behavioral power
ampliﬁer models," presented at GigaHertz Symposium, Gothenburg, Sweden,
March, 2008.
P.N. Landin, C. Fager, M. Isaksson and K. Andersson, "Comparing two measurement systems for the purpose of PA behavioral modeling," presented at 6th
Radio & Microwave Measurement Workshop, Gavle, Sweden, February, 2009.
P.N. Landin, M. Isaksson, N. Keskitalo and O. Tornblad, "Sideband asymmetries
in RF power LDMOS before and after digital predistortion," presented at Radio Frequency Measurement Technology Conference, Gavle, Sweden, October,
2009.
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1.3

Abbreviations

ACPR
ACEPR
ADC
AWG
BER
BLA
CDF
DPD
DUT
EVM
GSM
IF
IM
LSNA
LTE
MDS
MEMR
MER
NMSE
NMT
PA
PAPR
PDF
PISPO
RF
SNR
UMTS
VNA
VSA
VSG
VSWR
WCDMA
WESPR

adjacent channel power ratio
adjacent channel error power ratio
analog-to-digital converter
arbitrary waveform generator
bit error rate
best linear approximation
cumulative distribution function
digital predistortion
device under test
error vector magnitude
global system for mobile communications
intermediate frequency
intermodulation
large signal network analyzer
long term evolution
modulation domain system
memory error modeling ratio
memory error ratio
normalized mean-square-error
nordic mobile telephony
power ampliﬁer
peak-to-average power ratio
probability density function
periodic input same period out
radio frequency
signal-to-noise ratio
universal mobile telecommunications system
vector network analyzer
vector signal analyzer
vector signal generator
voltage standing wave ratio
wideband code division multiple access
weighted error spectral power ratio

Chapter 2

Radio Frequency Power Amplifiers
and Behavioral Modeling
2.1

Power amplifiers and transmitters

One of the main problems in the transmitter chain is the PA due to the many
undesirable properties it has, i.e. nonlinearity, high manufacturing cost both due to
expensive parts and the subsequent need for tuning, and low power eﬃciency [18,19].
Some of these problems could be ignored if certain requirements such as those
posed by the regulatory authorities of respective country were less strict. The main
requirements relate to that of spectral regrowth, i.e. widening of the output signal
in the frequency domain due to nonlinearities. However, it is not likely that these
requirements will be substantially loosened anytime soon, if ever. Instead it is more
likely that the more undesirable signal properties, from the PA designer’s point of
view, will continue to get worse and worse.
These problems partly comes from the use of signals with wider bandwidths
and higher peak powers relative to the average power in combination with the
requirements on high eﬃciency operation [19]. High eﬃciency has traditionally
been a direct opposite of linearity as high eﬃciency operation has been a synonym
of compression when only considering the traditional classes A, AB, B and C.
Some change here is possible with “new” techniques such as Doherty [20],
Chireix [21], class E and F with inverses, switch-mode, envelope tracking and envelope elimination and restoration [22], to mention a few. Admittedly most of these
principles are quite old with the Doherty and Chireix coming from the 1930’s and
the envelope elimination and restoration from 1952. Neither have been extensively
used in modern telecommunication systems, mainly due to practical problems in
the construction.
According to Shannon’s well-known theorem a certain bandwidth is needed in a
noisy channel to transmit data at a given rate [23, 24]. The only variables that can
be changed are the signal-to-noise ratio (SNR) and the bandwidth. The transmitted
7
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power, and thus the SNR, is below a certain level, partly due to economical and
technical diﬃculties in constructing highly eﬃcient and linear PAs. This means
the only thing that can be changed is the bandwidth. At the same time the used
modulation formats tend to increase the peak-to-average-power ratio (PAPR) of
the used signals [19].
An example of increase in bandwidth and PAPR is the transition from the
UMTS channel bandwidth of 5 MHz to the LTE channel bandwidths of up to 20
MHz [25,26]. It should be remembered that PAs today are commonly not made for
handling a single channel but rather for handling all channels in a given telecom
system, or possibly in several diﬀerent systems. This is taken more towards the
extreme in LTE with the support for multiple bandwidths.
So, the PA designers are left with a signal type that is everything they do
not wish for. What can be done to improve the situation? The system engineers
need improved models of the components of the system. This is one part where
behavioral modeling can aid by providing better models to work with. The second,
and probably largest ﬁeld, is for usage in digital predistortion (DPD) algorithms.
The exact meaning of these terms will shortly be explained.

Static nonlinear eﬀects
A common method of introducing the understanding of nonlinearities in RF PAs is
by considering the input-output relation
y(n) = au(n) + bu(n)2 + cu(n)3

(2.1)

where y(n) is the ideal output of the PA when subjected to the ideal input signal
u(n). Commonly u(n) is chosen to be a single or a two-tone signal.
The ﬁrst case is connected to the classical amplitude-amplitude modulation
(AM/AM) curve. Expanding (2.1) for a two-tone signal gives
y(n) =

b
2

9
9
+ (a + c ) cos ( ω1 t ) + (a + c ) cos( ω2 t )
2
2
b
b
cos 2ω1 t + cos 2 ω2 t
+
2
2
+ b cos( ω1 − ω2 )t + b cos ( ω1 + ω2 )t
c
c
cos 3ω1 t + cos 3ω2 t
+
4
4
3
3
c cos( 2ω1 + ω2 )t + c cos( 2ω2 + ω1 )t
+
4
4
3
3
c cos ( 2ω1 − ω2 )t + c cos( 2ω2 − ω1 )t
+
4
4
.

(2.2)
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The ﬁrst line is a DC-term, second is the signal at the fundamental with the
compression terms from the 3rd order nonlinearity included, third line are the 2nd
harmonics, fourth line are the 2nd order diﬀerence and sum products, ﬁfth line
are the 3rd order harmonics, sixth line are the 3rd order intermodulation (IM)
products close to the third harmonic and line seven contains the most troublesome
IM products close to the fundamental.
In the expression one can see the terms corresponding to the gain compression
(a + 92 c ). In this simple PA model this 3rd order contribution is responsible for the
gain reduction when going into compression.
AM/PM distortions are a little harder to explain and requires some measured or
simulated data. A good introductory explanation of this behavior is given in [19].
The basic results there says that AM/PM most likely contributes about as much
to IM products as AM/AM which means that any model has to take this term into
consideration.
The meaning of the term “nonlinear” is here deﬁned to be a system that does
not obey the superposition principle, i.e. that does not obey the rule
y(u1 (t) + u2 (t)) = y(u1 (t)) + y(u2 (t))

(2.3)

for all choices of the signals u1 (t) and u2 (t).

Dynamic eﬀects
Another undesired eﬀect in PAs is known as dynamic eﬀects, also termed memory
eﬀects. In the simplest form these are just a gain and phase variation as a function of frequency. This is the well known and well studied problem of wideband
ampliﬁer design [4, 27]. As such this is nothing new but when considering DPD
the requirement of ﬂat gain becomes even more important due to the fact that the
inverse of a system with memory typically has long memory [28].
Memory eﬀects are the time-domain view of frequency dependence, compare the
typical impulse response of a ﬁlter. The conceptually simplest memory eﬀect is the
bandwidth limitation due to the design of the PA. For a wideband PA these will
be small compared to the direct linear term. Memory eﬀects are of diﬀerent orders
of magnitude, from the high frequency electrical eﬀects in the matching networks
to low frequency eﬀects due to eﬀects of heating, so called thermal eﬀects [17].
Not all memory eﬀects give themselves to such easy explanations. Some other
commonly listed memory eﬀects are bias modulation, thermal eﬀects due to self
heating and trapping eﬀects [19]. These are sometimes referred to as nonlinear
memory eﬀects [29, 30].
According to [19] the major troublemaker, for certain PA classes, is the bias
modulation introduced by the variation in consumed current with envelope amplitude. This is supposedly also the easiest to cure by proper design of the bias
network [19].
Two other commonly mentioned eﬀects are trapping in the semiconductor and
thermal eﬀects [19]. Some eﬀorts have gone into behavioral modeling of thermal
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eﬀects, an early attempt using sparse memory in memory polynomial structures
was made in [16]. Not as much eﬀort, or progress, seems to have been done related
to the behavioral modeling of trapping eﬀects [19].

2.2

Behavioral modeling

The previous sections introduced the basics of distortions in RF PAs. Here some
more advanced behavioral models are introduced, and also some less advanced
models.
It is assumed that all systems treated here are so called periodic input, same
period out (PISPO) systems [31]. Another distinction must also be made, namely
that of bandpass or lowpass models and systems. The section will start with giving
these deﬁnitions.

Bandpass and lowpass signals and systems
Most communication signals, with the exception of UWB-type signals and baseband
signaling, only utilize a relatively narrow frequency range around a main carrier
frequency. This can be expressed as
s(t) = Re[u(t)ejωc t ]

(2.4)

with s(t) being the real-valued time domain signal, u(t) the complex valued lowpass equivalent signal and ωc the chosen carrier or center frequency. Note that this
does not really put a restriction on u(t) but on the choice of ωc . s(t) is denoted
the bandpass signal since the information in the signal is found in a (narrow)
frequency region surrounding the carrier, whereas the, normally complex valued,
u(t) is denoted the lowpass equivalent or baseband signal.
u(t) is commonly divided into two parts, an in-phase si (t) and a quadraturephase sq (t) part by considering
u(t) = si (t) + jsq (t).

(2.5)

This has given yet another name for baseband data, namely IQ-data due to the
in-phase and quadrature-phase.
The practical approach of computing u(t) is to compute the complex valued
analytical signal sa (t) from s(t) by applying the Hilbert transform to s(t) and
perform the frequency translation. This is expressed by
u(t) = (s(t) + jH{s(t)})e−jωc t

(2.6)

where H{s(t)} denotes the Hilbert transform of the real valued signal s(t) [23, 24].
The Hilbert transform is deﬁned as a ﬁlter with the impulse response
h(t) =

1
.
πt

(2.7)
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The function of the Hilbert transform is to create a new signal where the negative
frequencies have shifted sign. Thus adding the original and the Hilbert-transformed
signals will cancel the negative frequencies present in a real-valued signal. The
resulting signal is called an analytical signal.
The main diﬀerence is that the required sampling frequency to avoid aliasing is
restricted by the baseband bandwidth and no longer by the RF bandwidth. The
same method can be applied to systems to get baseband systems [23, 24].
Some of the models below can be treated as either lowpass or bandpass models
depending on the preference one have. Each section speciﬁes how the model is
normally used.

Linear models
All modeling of RF systems starts with the scattering-parameters (S-parameters)
[4]. These parameters relate the voltage waves coming into and going out of a device
by a complex number. Typically these parameters are extracted using VNAs by
sending a single sinewave into the device and measuring the transmitted and scattered waves. The S-parameters are then extracted by normalizing these measured
waves by the incident wave [4].
Because the S-parameters are nothing but the frequency response function, the
complete characteristics of a linear time-invariant system is known once the Sparameters are known. The S-parameter model is a bandpass model as it describes
what happens at a given frequency.
As said in [8]: "S-parameters are perhaps the most successful behavioral models
ever." Nevertheless, the S-parameters are not deﬁned for nonlinear systems, i.e.
when the superposition principle is not valid.

Best linear approximation
In many cases the linear behavior is normally the desired behavior and everything
else can be regarded as disturbances. This fact is used in the best linear approximation (BLA), as described in [32]. There the ﬁnal system output is considered
to consist of several diﬀerent parts: the linear systematic part (the BLA), a noise
contribution and a stochastic nonlinear contribution that appears as another noise
source.
The BLA, commonly used with some special multisine signals, has been applied
in many diﬀerent ﬁelds [32–34]. The main interest here is the application to RF
systems. Recently an extension to measure the BLA outside of the excited frequency
region was proposed in [35].
The BLA is more general than the S-parameters as the nonlinear contributions
are handled in a consistent and logical way. Nevertheless, the BLA cannot easily
be used for DPD since it is a linear model.
The BLA has the possibility of being used as both a lowpass and a bandpass
model without any signiﬁcant change in the deﬁnition.
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Polynomial models
One of the ﬁrst approximation methods one usually learns is the Maclaurin-Taylor
polynomials [36] but then the target function is normally known. In the case here,
polynomial models, such as that in (2.1) are to be ﬁtted to a measured transfer
function, using some suitable ﬁtting method.
A simple example would be to approximate a nonlinear function with a characteristic quite typical for a saturated system. Such a system is the atan(x) seen in
Fig. 2.1 for x going from 0 to 2. There are also diﬀerent methods of ﬁtting a model
to this known transfer function. This example is limited to consider straight lines,
i.e. polynomials of order 1.
In Fig. 2.1 the blue line depicts the true transfer function. The red line is the
Maclaurin line, i.e. the ﬁtting is based on the point x = 0 which gives a line with
the equation y = x. The black line shows the Taylor expansion around x = 0.5.
In reality the transfer function is only known by measurements so some kind of
model error minimizing ﬁtting between the measured straight line and the measured
data is needed. Because this is only simulations the eﬀect of noisy measurements
is ignored so the input data is chosen as a uniformly sampled ramp on the interval
0 to 1.
n
} with N
This means that the input data set is described by u(n) ∈ {x = N
being the total number of samples. This is an example of a uniform amplitude
distribution in one amplitude interval. The ﬁtting method is chosen to minimize
the sum-square-error, which is described in more detail in a later chapter. It is
seen that all these methods give diﬀerent results. The approach used in this thesis
is mainly based on the least-squares method. However, there is another detail in
this experiment that has not been explicitly pointed out, namely the amplitude
distribution of the values used to identify the model. This is considered in a later
section on stimuli signal choice.
Multiple variations on polynomial models are possible using orthogonalizations
but these do not add anything fundamental to the concept of modeling nonlinearities through polynomials. Although, sometimes it is highly recommended to
use some of the orthogonalizations to improve the condition numbers [37] of the
regression matrices in the parameter estimation process.
Polynomial models are used for describing both lowpass and bandpass behavior with the harmonics, although for modeling purposes the lowpass is probably
somewhat more common. However, this requires that the polynomial is rewritten
as
P

ap u(n)|u(n)|p−1 .
(2.8)
y[u(n)] =
p=1

The absolute value appears as a result of the bandpass to lowpass transform.
Back to the Volterra series mentioned in the Introduction. It was pointed out
that the Volterra series is a multidimensional nonlinear impulse response. It could
just as well be viewed as a polynomial with memory. If the dynamic parts are
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Fig. 2.1: Examples of ﬁtting methods of a straight line to a known function. The
blue line is the true function, red is the Maclaurin approximation, black is the
Taylor centered at x = 0.5 and the green is the result of a least squares ﬁtting
using uniformly distributed data in the interval [0, 1].

removed from the Volterra series what is left is a static polynomial, assuming that
the basis functions are chosen to be polynomials.

Hammerstein, Wiener and Hammerstein-Wiener models
In Section 2.1 it was argued that systems such as PAs are not only linear but also
exhibit dynamic eﬀects. A straightforward approach would then be to create a
model, in an ad hoc manner, by taking a suitable static nonlinearity and placing a
dynamic block after it, as in the upper part of Fig. 2.2. This creates a so called
Hammerstein model [38]. Reversing the order of the blocks creates a Wiener model.
Combining the models yields a Wiener-Hammerstein model.
As the model structures in this section mainly are used for baseband modeling
the polynomials are modiﬁed to be written as in the lowpass manner introduced in
(2.8).
When choosing
the nonlinearity in the Hammerstein model to be a polynomial,
P
p
k
K[u(n)] =
p=1 p u(n)|u(n)| , and the dynamic part to be a linear FIR-ﬁlter,

M
H(q −1 )u(n) = m=0 hm u(n − m), q −1 denoting the unit delay operator q −1 u(n) =
u(n − 1) as in [2, 3], the relation between input and output signal can be written as
y(n) =

P
−1 
M

p=0 m=0

kp hm u(n − m)|u(n − m)|p

(2.9)
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with u(n) and y(n) being the sampled input and output signals respectively. M
and P are model orders for memory length respectively polynomial order.
For RF PA behavioral modeling some controversy seems to exist whether one
should discard the even order nonlinear terms as in [7] or keep them as in [39].
Some arguments speaking for keeping the even terms are given in [40]. Starting
from (2.2) no even order terms are expected to appear close to the baseband signal.
Nevertheless, it is seen that this yields a system that is nonlinear in the parameters. In [2,3] the suggested solution to this problem is to linearize the problem in the
parameters by considering the problem to be a multiple-input single-output system
with each nonlinear basis function, that is u(n)|u(n)|p or some other preferred basis
function, corresponding to one of the inputs.
This will indeed make the problem linear in the parameters but it will also
transform the model structure into another model, namely the parallel Hammerstein model. This model is deﬁned by
yPH (n) =

P

p=1

−1

M


bm,2p−1 u(n − m)| u(n − m) |2(p−1)

(2.10)

m=0

where O = P corresponds to the polynomial order and M corresponds to the
memory length. Such a model is henceforth denoted PH(O, M ). This model is
linear in the parameters. However, it is also a new model structure which is best
illustrated by parallel connections of the nonlinear branches as in Fig. 2.3.
It is more common to see the parallel Hammerstein model with only odd polynomial orders included when considering RF PA behavioral modeling. In that case
(2.10) is rewritten as
yPH (n) =

P 
M


bm,2p−1 u(n − m)| u(n − m) |2(p−1)

(2.11)

p=1 m=0

with O = 2P − 1 being the nonlinear order and M being the memory length.
The parallel Hammerstein model or models closely resembling it have been
commonly used in behavioral modeling of RF PAs [41–52]. Some other commonly
used names for model structures similar to the parallel Hammerstein model are the
nonlinear tapped delay line [41] and memory polynomial [53] although these terms
sometime also refer to other model structures. A large number of variations on
the theme of parallel Hammerstein structures are possible, see [42–52, 54] for a few
examples. These model structures are interesting for RF PA behavioral modeling
due to the fact that there is a physical motivation behind using them [54].
As shown in Fig. 2.2, switching the order of the nonlinear and dynamic blocks
results in a Wiener model. These have also been used in PA modeling but seem
to have attracted less interest than the Hammerstein structures to judge from the
number of publications. A possible explanation for this is the increased complexity
in the model parameter extraction process due to the nonlinear way the parameters
appear, as compared to parallel Hammerstein-like structures.
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Fig. 2.2: From top to bottom: Hammerstein system with static nonlinearity followed by linear dynamics, Wiener system with dynamic linearity followed by static
nonlinearity, Wiener-Hammerstein system with linear dynamics-static nonlinearitylinear dynamics.
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Fig. 2.3: An example of a complex-valued parallel Hammerstein model with O = 5
is shown. The length of the linear ﬁnite-impulse response ﬁlters {bn, } determine
the memory depth M . In the block diagram, the intermediate signals u3 (n) =
|u(n)|2 u(n) and u5 (n) = |u(n)|4 u(n) are indicated.

It is possible to get the same structure as the parallel Hammerstein by arranging
a parallel Wiener structure in a special way as in [53]. In some early publications the
chosen name has actually been the parallel Wiener model [16]. It is not necessary
to restrict oneself to using polynomials and FIR-ﬁlters in the blocks but it seems
to be the most common approach as this yields estimation problems that are linear
in the parameters.
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Volterra series
The most general form of a nonlinear system, under certain restrictions, is the
Volterra series. As mentioned earlier the Volterra series can be seen as a generalization of the impulse response to nonlinear systems [5].
One way of expressing a discrete time, truncated Volterra model with memory
length M and nonlinear order O is [38, 55]
y(n) = H0 + H1 [s(n)] + H2 [s(n)] + . . . + HO [s(n)] =
H0 +

M−1


h1 (m)s(n − m)+

(2.12)

m=0
M−1
 M−1


h2 (m1 , m2 )s(n − m1 )s(n − m2 ) + . . .

m1 =0 m2 =0
M−1
 M−1

m1 =0 m2 =0

...

M−1


hO (m1 , m2 , . . . , mO )s(n − m1 )s(n − m2 ) . . . s(n − mO )

mO =0

with hk (m1 , . . . , mk ) being the kth order Volterra kernels and s(n) being the sampled passband signal. This means that the model is expressed as a real valued
passband model. It must be noted that the above description is the full expression
for the time-discrete Volterra series without reductions that accounts for symmetry
of the kernels [38,56] or other physically motivated reductions. Volterra models can
also be expressed as baseband models [6, 7, 38].
From (2.12) the earlier claims of Taylor expansion and memory polynomials are
easily seen. Also comparing the expression for the parallel Hammerstein in (2.10) to
(2.12) it is seen that the Volterra kernels of a parallel Hammerstein system typically
are “diagonal”. This means that the kernels can be described by

= 0 if m1 = m2 . . . = mk
(2.13)
hk (m1 , . . . , mk ) =
0
otherwise
This basically means that all terms that have combinations of nonlinear and linear
memory terms with diﬀerent delays are zero.
Various orthogonalizations, physically and mathematically related simpliﬁcations and reductions of Volterra series have been done to give better modeling
properties with fewer parameters. Some examples of these are given in [57–61].

X-parameters and S-functions
Some fairly new models of microwave components are the X-parameters and Sfunctions [8,62,63]. These constitute an expansion of the S-parameters in that they
also describe nonlinear behavior but reduce to the classical S-parameters when the
devices operate in the linear region, if any such region exists [8].
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The X-parameters and S-functions are based on the poly-harmonic distortion
model [8]. Basically the X-parameters and S-functions are mappings of the input
signal to the possible nonlinear components that can appear. Typically this is
illustrated using a sinewave with harmonics as input signal and the possible harmonics on the remaining waves as the mapped output values. The basic principle
is described in [8].
Recent updates to the modeling capability includes the possibility of describing
memory eﬀects [64]. Using these methods it is claimed that typical fulll PA behavior
can be predicted [64] in a reliable way. The X-parameters/S-functions are, as are
the S-parameters, bandpass models of the system.

Other model structures
In [7,59] a conceptual feedback model representing the lowpass behavior using linear
dynamic and static nonlinear blocks to represent a PA is shown. In [7,54] it is shown
that making some assumptions about the models yields some other commonly used
block structures, such as an augmented form of the parallel Hammerstein model [54].
Neural network models have not been used in this thesis but it must be noted
that they have been extensively used in modeling of RF components and systems
[6, 7, 65].

Inverse modeling and digital predistortion
The main use of RF PA behavioral modeling is most likely that of digital predistortion. Since the PA is a system that introduces distortions into the signal it is
possible to pre-distort the input signal to remove undesired eﬀects such as spectral
regrowth and increased error vector magnitude (EVM), of the PA [60, 66–68].
Many predistortion arrangements are possible, ranging from analog gain expansion on the RF-signal as exempliﬁed in [17], to digital baseband schemes of varying
complexity. The simplest digital schemes are based on measured AM/AM- and
AM/PM-curves [69] going through medium complex model structures such as polynomials and memory polynomials [70] to the more complex Volterra models [68,71]
and neural networks [72–74].
The approach taken here is described in more detail in [72] and used in Paper
D and Paper F . The chosen method is to directly identify an (approximate)
inverse baseband model instead of going through the theoretical inverse of a direct
baseband model, such as that given in [75]. The used model structure in both
Paper D and Paper F is the parallel Hammerstein model since it gives good
performance in both direct and inverse modeling.
As mentioned is the main goal of the predistortion to reduce spectral regrowth
and improve the EVM of the output signal of the PA. From a simplistic point of
view this does not cause any problems if a suﬃciently good model is available. However, one main problem is still present, namely that of increased signal amplitude
and larger occupied bandwidth. Both these goes outside of the ranges of the iden-
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Fig. 2.4: Example of failed predistortion due to operation of the PA in compression.
Black line with diamond shapes shows the normalized output power envelope of the
PA and red line with stars the measured input power envelope. The blue line with
dots depicts the predistorted signal using a PH(9, 2) model and not taking any
precautions to limit the amplitude of the signal.

tiﬁcation signal. Expressed in other terms; the predistortion is an extrapolation of
the measured values into previously unmeasured amplitude and frequency regions
of the PA.
The problem of gain compression cannot be fully overcome as there is a limit to
what output powers a PA can deliver. Thus driving the PA too hard and trying to
extract inverse models from data measured at such conditions tends to “explode”
as shown in Fig. 2.4 if no special precautions are taken.
In Fig. 2.4 a parallel Hammerstein model of order PH(9, 2) is used. The tested
PA is the PA intended for being used in the 3rd generation of mobile telecommunication manufactured by Ericsson AB, described in more detail in Section 4.1. The
input power level to the PA is -1.0 dBm and the PAPR of the used WCDMA-signal
is 7.7 dB, thus the peaks are well above the 1 dB-compression point of 3 dBm. One
can see the eﬀects of extrapolation on the predistorted signal around 93.6 μs. The
input power peak is approximately 19 dB above the original instantaneous envelope power and would probably cause permanent failure of the PA. Note that the
exempliﬁed situation is beyond what is normal for this PA.
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Signal types

Multiple signal types are used for testing PAs. Each of the diﬀerent signals have
their pros and cons. Unfortunately, it has often been more of a question of what
one can aﬀord to generate and measure than what is desired. For linear devices the
signal characteristics do not matter, if one ignores noise and measurement time.
However, for nonlinear devices the signal characteristics aﬀect the ﬁnal result, even
if there is no noise present. Some commonly used signal types for testing RF devices
are introduced and their characteristics are given.
Before the diﬀerent signal types are introduced the important characteristics
will be introduced by extending the example of ﬁtting a straight line to a nonlinear
function. Much of the presentation here is based on the ideas in [31,56]. Once again,
consider the function atan[u(n)] as shown in the upper part of Fig. 2.5. The lower
part shows what happens when one attempts a ﬁtting of a straight line using two
diﬀerent data sets, both being uniformly distributed but having the distributions
in diﬀerent amplitude intervals. The ﬁrst is uniformly distributed in the interval
[0, 2] while the second is uniformly distributed in [0.75, 1].
This illustrates a very important property of identiﬁcation of nonlinear systems,
namely that of choosing the identiﬁcation signal to have the same probability density function as that of the signal types that are going to be used! Of course, if an
exact model structure is available and only the parameters are sought for then the
identiﬁcation data can be chosen arbitrarily, ignoring the eﬀects of noise. However,
this is seldom the case.
For this particular reason a number of the commonly used test signals are not
always appropriate test signals for nonlinear systems. Nevertheless, these signals
continue to be used mainly because the instruments to use them are what is available
at aﬀordable prices.
One could argue that the example of line ﬁtting to the atan-function is not valid
as a too simple model was used. However, in the case of modeling a real world PA
there is no exactly known function that describes the transfer characteristics and
thus it is really diﬃcult to tell what is “enough” and what is “too simple”. The
main lesson from the ﬁtting example is to learn the major impact the amplitude
probability density function (PDF) of the used identiﬁcation data has.
One more aspect of signal amplitude PDF is introduced by considering the
diﬀerence between lowpass and bandpass signals. As this thesis mainly is concerned
with lowpass signals and systems the signal types are presented from the perspective
of lowpass signals. This is not a cause of problems as long as it is deﬁned if it is
the bandpass or lowpass deﬁnition that is given.

Single-tone excitation
In RF measurement the fundamental test signal is the sinewave, largely due to the
fact that this is what is easiest to generate at high frequencies. This has also lead
to the enormous success of the S-parameters [8], as noted earlier.
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Fig. 2.5: a) The same ﬁgure as in Fig. 2.1 with atan, Maclaurin polynomial and
Taylor polynomial with center at 0.5. b) Least-square ﬁttings of straight lines to
atan using uniformly distributed data in two diﬀerent intervals, [0, 2] respectively
[0.75, 1].

For testing nonlinear devices it is not that suitable, unless the actual signal that
is used in the tested devices is a constant amplitude signal such as phase modulation, frequency modulation, phase-shift keying or frequency shift keying [23, 24].
Although all of these modulations are considered to be constant amplitude modulations there is a certain amount of amplitude change in the symbol transitions.
One exception in nonlinear testing is in radar systems based on continuous wave
operation but in this case the signal is normally pulsed still requiring some more
advanced test signal.
The low-pass equivalent amplitude PDF of a sinewave is a single ﬁxed amplitude
value as the sinewave transforms into a complex exponential function when going
from bandpass to low-pass equivalent form.
With the single-tone excitation the only way in which one can get some more detailed information about nonlinearities is through the harmonics. The measurement
of signals several GHz apart poses some problems but also interesting solutions, as
described in Section 4.1. It should be noted that some insight into nonlinearities
can be gained in the form of AM/AM- and AM/PM-curves.

Two-tone excitation
The somewhat more sophisticated two-tone test signal overcomes the issue of information about the nonlinearity as the intermodulation products end up close to
the carrier if the two tones are relatively closely spaced as seen in (2.2). However,
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when considering identiﬁcation of Volterra kernels, a two-tone is only suﬃcient to
fully characterize the second order kernel [29].
The amplitude PDF is still far from what is normally used in communication
systems. Nevertheless, it has been an easy signal to generate as it can be done using
two standard signal generators. The low-pass PDF is that of a bandpass sinewave,
i.e. high probability of ﬁnding signals at high amplitude values and low probability
of ﬁnding it at low amplitudes.

Multitone excitation
A generalization of the single and double sinewaves is the multisine approach [76,77].
Using special sets of phases many diﬀerent amplitude PDFs can be synthesized.
This is used in Paper C where a multisine signal consisting of 62 tones has the
phases arranged in such a way as to have a PDF similar to that of a WCDMA-signal.
Furthermore, choosing the excited frequency components in a special way, the
so called odd-random-multisine [78], makes detection of nonlinear behavior very
easy [35]. This is based on the fact that if only odd frequency components are
present in the signal, the even order nonlinearities will only end up at even frequency
components [78].
Multisines have started to attract much attention due to the possibilities of
high SNR, periodicity of the excitation signal, ease of extracting frequency response
functions and the possibility of visualizing nonlinear eﬀects in the frequency domain
in an easy way.

Communication test signals
These signals are generated according to some standard such as those in [25, 26]
using a pseudo-random number generator to generate the “information”. Diﬀerent
performance criteria of the device under test (DUT) can then be evaluated by
sampling the signal. Example of these are EVM, bit error rate (BER), adjacent
channel power ratio (ACPR), occupied bandwidth, harmonic content and spurious
distortions [25, 26].
Test signals that are commonly used here are of the same type as the signals used
in the 3rd generation of mobile telecommunication. This signal type is henceforth
denoted wideband code division multiple access (WCDMA) signals. The signals
used here are not any of the standardized test cases in [25] but have similar statistical properties in terms of bandwidth and amplitude PDF. Normally, only the
PAPR of the signals are given. For the signals used here the PAPR ranges from 7
to 9 dB. The bandwidth of a channel in 3G is 5 MHz [25]. Combinations of multiple WCDMA-signals are made to get multicarrier WCDMA with diﬀerent total
bandwidths. When these are used the spacing between the centers of the channels
are speciﬁed.
It is possible to view all these communication test signals as special cases of
multisines. Commonly a test signal of a certain time frame is generated. This
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signal is transmitted repeatedly from a VSG and measured using some kind of
receiver [25, 26], commonly a VSA. By applying the frequency and time discrete
Fourier transform to such a sampled signal it is realized that these signals indeed
are special cases of multisines.

Other types of excitation signals
Other types of signals such as pseudo-random binary sequences and white noise
can be used for identiﬁcation of RF telecommunication systems but does not seem
to have gained much interest in recent years and are therefore not considered any
further. A plausible explanation is that the amplitude PDFs are not similar to
those of the signals that are being used when the system is operating.

Chapter 3

Performance Evaluation Criteria
As the purpose of behavioral modeling is to have a model capable of describing the
system in a “good” way a relevant performance evaluation criterion is needed. Not
all commonly used criteria are suitable for performance evaluation in this context,
as will be shown. This chapter goes through the basics of system identiﬁcation,
gives the prerequisites for performance evaluation criteria and proposes a general
method for improving the performance of models when modeling weakly nonlinear
systems.

3.1

Model parameter extraction

The process to ﬁnd a suitable model structure, model order, optimal parameters and
evaluation criteria are all parts of the system identiﬁcation theory [2,3] and as such
is well-described in the literature. However, most of the classical literature tend to
focus on identiﬁcation of linear systems and most often treat nonlinear eﬀects as
noise disturbances. In many cases this is justiﬁed as nonlinear eﬀects are usually
small compared to linear eﬀects in system that were designed to be linear. In the
case of telecommunication systems this is not always a recommendable method as
the requirements on the components are strict regarding spectral regrowth.
As the system to be identiﬁed here mainly is a black box, i.e. unknown content,
the system identiﬁcation starts from a set of N input/output measurements
{u(0), . . . , u(N − 1)}, {y(0), . . . , y(N − 1)}.

(3.1)

The identiﬁcation process ﬁnds parameter values gathered in a vector θ that minimize the least squares diﬀerence between the actual PA output and a parameterized
model output f (u(n); θ). That means minimization of the least-squares criterion
C(θ) =

N
−1


(y(n) − f (u(n); θ))

n=0
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where the minimization is obtained by varying the model parameters θ, and where
the solution (that is, the parameter values minimizing the criterion C(θ) in (3.2))
 Note that the formal description of the actual ampliﬁer f (·)
is denoted by θ.
and the user selected parametric model structure f (·; θ) are only distinguished by
the argument θ within the parentheses. How the actual minimization of (3.2) is
performed is not relevant for the current discussion, nor is the model structure; it

is suﬃcient to recall that the optimized set of parameters is denoted by θ.

3.2

Model validation

The second step of the parameter identiﬁcation includes validation of the obtained
 For that purpose, a new set of PA data is recorded – uval (n) and
model f (·; θ).
yval (n). From the new set of input data, a model output is calculated according to
 n = 0, . . . , N − 1.
ymodel(n) = f (uval (n); θ),

(3.3)

Clearly, there is no need to have the same number of samples in the validation
process as in the identiﬁcation process, but for the sake of simplicity N samples are
used.
Of general importance is the diﬀerence between the obtained model output
ymodel (n) in (3.3) and the actual response of the PA yval (n) = f (uval (n)), which is
the error
e(n) = yval (n) − ymodel(n), n = 0, . . . , N − 1.
(3.4)
A natural scalar quality measure is the estimated power of e(n), say Pe , normalized
by the estimated power of the validation signal, that is Pyval , which leads to the
well known normalized mean-square-error (NMSE) criterion.
NMSE =

Pe
.
Pyval

(3.5)

Based on a criterion like (3.5), one can compare two diﬀerent (both in structure,
and number of parameters) parametric PA models: f1 (·; θ1 ) and f2 (·; θ2 ). Using
the NMSE, it is concluded that f1 (·; θ1 ) is a better (worse) behavioral model of the
PA if the NMSE is lower (higher) than the NMSE of f2 (·; θ2 ). Here, θk denotes the
output from the parameter estimation step, which is the minimizer of the criterion
(3.2) employing fk (·; θk ), for k = 1, 2.

3.3

Model and validation errors

Consider the case when the employed model structure is capable of perfectly describing the behavior of the PA up to some additive term v(n). This means that
the PA output y(n) can be described by the parametric model f (·; θ), that is
y(n) = f (u(n); θ0 ) + v(n)

(3.6)
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where θ0 is the underlying ’true’ parameters of the ampliﬁer, and v(n) is the term
that describes noise sources and model errors, for example. Under the above assumption, the validation error in (3.4) is given by

e(n) = f (uval (n); θ0 ) + v(n) − f (uval (n); θ)

(3.7)

Any appropriate identiﬁcation method provides, under some mild conditions, an
estimate θ close to the unknown θ0 . Thus, employing a ﬁrst order Taylor series
 around θ0 yields
expansion of f (·; θ)
e(n) =


d f (uval (n); θ) 
 + v(n).
(θ0 − θ)

dθ
θ=θ0

(3.8)

Formally, we may write (3.8) as
 + v(n).
e(n) = g(n; θ)

(3.9)

 is a formal notation for the ﬁrst term in (3.8).
where g(n; θ)
The interpretation of (3.9) is as follows: the validation error e(n) depends both
on the quality of the estimation method employed in step one (through the ﬁrst
term, which one may note equals zero for θ = θ0 ),and on the ability of the employed
model structure to capture the actual behavior of the ampliﬁer.
A general feature of a scalar ﬁgure of merit (for example, the NMSE in (3.5))
is that a ’good’ value corresponds to a ’small’ validation error. For example, for
NMSE, a lower value is a measure of superior performance, compared with a higher
value. A ’small’ error may correspond to the full band properties of the model, but
also to out-of band or in-band properties.

3.4

Model evaluation criteria

In Paper A a number of common evaluation criteria were compared in terms of
performance for RF PA behavioral modeling. These criteria will be introduced and
comments on their performance characteristics are given.
The methods used to compare model performance found in Paper A are:
NMSE [6,59,79,80], AM/AM [79,81–83], AM/PM [81–83], time domain sample [59],
spectrum comparison [58, 79, 81, 83–86], IM3 product prediction [82], ACPR comparison [6,81,84,85,87], error spectrum [6,59,88], adjacent channel error power ratio
(ACEPR) [6, 79, 86], memory error ratio (MER) [16] and memory error modeling
ratio (MEMR) [16].
Some of these criteria are graphical: AM/AM, AM/PM, time domain sample,
spectrum comparison and error spectrum. Short descriptions of each method are
given in the following.
AM/AM is the deviation in linear gain in output amplitude as function of input
amplitude. AM/PM is the change in phase as function of the input signal amplitude.
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The results are normally presented as graphs. The model performance is evaluated
by plotting measured and modeled AM/AM and AM/PM curves on top of each
other to see similarities.
Time domain sample comparison is done by viewing the time domain waveform
of the modeled output and the measured output in the same graph. One then looks
for deviations between the waveforms.
Spectrum comparison displays the estimated power spectral density of the modeled output signals and the measured output signal. The comparison is based on
which modeled output signal is “closest” to the power spectral density of the measured output signal.
Error spectrum plots the estimated power spectral density of the error signal
obtained by subtracting the modeled output signal from the measured output signal,
as in (3.4). The best model is then determined by considering the plotted graphs
of the estimated power spectral densities of the error signals.
The above mentioned criteria are all graphical and cannot easily be used for
performance comparison when the models have close to the same performance.
Another disadvantage is also that they cannot be used as a minimization goal
in the parameter extraction procedure. However, to illustrate behavior such as
compression the AM/AM and time domain plots are excellent, phase variations
are illustrated in the AM/PM plots. Spectral spread is illustrated in the spectrum
comparison and the parts of the spectral regrowth that is harder to model is seen
in the error spectrum plots.
The next category of criteria are classiﬁed as numerical because they all have
as the ﬁnal criterion, a number.
In IM3 prediction the model performance is based on the prediction of the intermodulation products as function of a given input two-tone signal. The predicted
IM-products are then compared to the measured IM-products and the model that
predicts the IM-products closest in some sense, is labeled the best model. In some
cases the phases of the IM-products are included, in other cases they are not included.
On the same line as the IM3-prediction is the ACPR prediction. In this case the
ACPR is computed of the modeled and the measured output signals. The numbers
are then compared and the model with the ACPR closest to the measured output
signal is called the best model. This method neglects the importance of the phase
predictions needed in digital predistortion.
Both IM3- and ACPR-prediction considers quantities easily measurable using a
traditional spectrum analyzer and can thus be useful if there are no vector signal
analysis instruments are available.
The remaining performance evaluation criteria all operate on the model error
(3.4). For notational simplicity assume that the N samples of the model error e(n)
in (3.4) are gathered into a column vector e.
The ﬁrst criteria are all related to the total model error deﬁned in (3.4). The
standard criterion from linear system identiﬁcation theory is the sampled normalized mean square error as deﬁned in (3.5) with Pe and Pyval being the estimated
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power spectral densities of the model error in (3.4) respectively of the measured
output validation signal. By Parseval’s theorem we get
NMSE =

Pe
|| e ||22
=
Pyval
|| yval ||22

(3.10)

where yval is a vector containing the measured output signal and || · ||22 denotes the
normal vector 2-norm squared.
Two other criteria based on the NMSE are the MER and the MEMR where both
criteria originally were suggested for performance evaluation of memory polynomial
models [16]. For memoryless models the MER is
MER =

|| e0 ||2
|| yval ||2

(3.11)

where e0 is the error vector obtained when using a memoryless polynomial model
[16]. MEMR is deﬁned by
MEMRm = 1 −

|| em ||2
|| e0 ||2

(3.12)

with em being the error vector when using the nonlinear order of the error polynomial found from evaluating the MER and using m as memory length. The idea is
that a value close to 0 indicates that most of the memory eﬀects have been captured
whereas a value close to 1 indicates pronounced unmodeled memory eﬀects.
However, as pointed out in Paper A there is no diﬀerence in performance
between the NMSE and the MER-MEMR criteria. Applying Parseval’s formula
yields
√
(3.13)
MER = NMSE.
That is, the MER is the square-root of the NMSE.
In a similar way the MEMR is rewritten as

NMSEm
MEMRm = 1 −
NMSE0

(3.14)

with NMSEm denoting the achieved NMSE for a memory polynomial model using
a memory length of m taps. Thus it is seen that the MEMR is another form of normalization and scaling of the NMSE. Other variations using diﬀerent normalization
constants of the total model error power are possible.
In [6] the ACEPR was deﬁned as

Φe (f ) df
adj ch
(3.15)
ACEPR = max 
∈{1,2}
Φyval (f ) df
ch
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where, in the denominator, the integration is over the in-band channel. Further, the
’1’ and ’2’ denote the lower and upper adjacent channels, respectively. Accordingly,
ACEPR is the ratio of the out-of-band error power in the ’worse’ adjacent channel
to the in-band validation signal power.
In a more general form (3.15) can be rewritten as

W (f ) Φe (f ) df
 full band
(3.16)
V (f ) Φyval (f ) df
full band

where W (f ) and V (f ) are some appropriate frequency weighting functions. For the
ACEPR in (3.15)

1 f ∈ in-band channel
(3.17)
V (f ) =
0 otherwise


and
W (f ) =

1 f ∈ worse adjacent channel
0 otherwise

(3.18)

For some general weighting functions W (n) and V (n), (3.16) is known as weighted
error spectral power ratio (WESPR), as introduced in [89]. In this work, due to a
dominating in-band power, the WESPR is deﬁned as

W (f ) Φe (f ) df
full
band

WESPR =
(3.19)
Φyval (f ) df
full band

where W (f ) is a non-negative weighting function. In practice, the integration in the
numerator of (3.19) is performed over the frequencies of interest. A rule-of-thumb
is that the integration is performed over the frequency regions where the spectral
regrowth is more pronounced than the noise ﬂoor; that is, the spectral region where
some signal can be found [89].
In WESPR the weighting function W (f ) needs to be deﬁned to give the criterion
the appropriate properties. The soft weighting function
W (f ) =

max( Φe (f ) )
max( Φe (f ) ) + | Φu (f ) |

(3.20)

with Φe (f ) denoting the estimated power spectral density of the model error signal
and Φu (f ) denoting the estimated power spectral density of the measured input
signal.
This function will put more emphasis on the in-band error if the largest model
error in frequency domain, max( Φe (f ) ) is large and more on the out-of-band eﬀects
if this maximum error is small. The disadvantage is that this error needs to be
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known if the weighting function is to be used in the parameter extraction process.
This will shortly be described.
A weighting function of special interest is
W (f ) =

1
.
C + Φu (f )

(3.21)

where C controls the relative inﬂuence of the in- and out-of-band errors on the ﬁnal
criterion. Hence, by proper choice of the constant C a desired trade of between
in-band and out-of-band modeling capabilities can be achieved. In one extreme
point the WESPR can be transformed to the ACEPR by taking a large C and limit
the area of error integration to the adjacent channel with maximum model error
power. The other extreme point is to consider the full available frequency band
as in the NMSE. The WESPR is thus a general description in where ACEPR and
NMSE are found as special cases.

3.5

System identification

Now that a criterion for performance evaluation, the WESPR with the proposed
weighting function in (3.21), has been established the question is how to ﬁnd the
model structure, order and parameters to minimize the chosen error criterion.
Traditionally the model structure and model order for PA behavioral models
have been chosen based on graphs displaying the desired performance evaluation
criteria, such as those in Fig. 3.1. When the performance of the models is not
suﬃciently increased in comparison to the increasing complexity of the model by
the increase in the number of parameters, it is considered that the model is "good
enough". Unfortunately, no general criteria for quantifying "good enough" or "suitably small" are available. Suggestions of model orders based on information theory
are available in the form of information criteria [2, 3] but have not been extensively
used in PA modeling. The method used here is more based on rule-of-thumb and
basically says that when the performance is increased by less than 0.5-1.0 dB for
an increase in the model order complexity of one unit, be it memory length or nonlinear order in some sense, it is considered that the model is "good enough". This
is an application of the parsimony principle [2, 3].
So far not much has been mentioned on the extraction of the model parameters,
only that normally a minimization of the sum-square-error in (3.2) is considered to
give the correct model parameters. In Paper A , Paper B and [1] it is argued
and shown that the NMSE, i.e. a normalized version of the sum-square-error,
is not the most suitable model performance evaluation criterion when considering
behavioral models of mildly nonlinear PAs. Still the model parameters are extracted
by minimization of (3.2).
A method for improving the performance, measured as WESPR, of all behavioral models would be to modify the parameter extraction criterion, also known as
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Fig. 3.1: Typical example of a graph used for selecting the model order based on
the model performance, in this case ACEPR.

the loss function, by consider a frequency weighted error
CF (θ) =

N
−1

n=0

2

|eF (n)| =

N
−1


|yF (n) − fF (u(n); θ)|

2

(3.22)

n=0

where eF (n) is the frequency weighted model error, yF (n) denotes the frequency
weighted output signal from the PA and fF (u(n); θ) is the frequency weighted
model output. eF (n) can be obtained by ﬁltering the model error with a suitable
stable, linear ﬁlter.
If the goal is to minimize the WESPR with a given window function W (f ) the
ﬁlter w(n) should be chosen as the impulse response with the frequency characteristics given by W (f ). Taking the discretized version of the WESPR, i.e. replacing
the integration by a summation, and using Parseval’s formula for the denominator,
gives
CF (θ)
(3.23)
WESPR =  N −1
N Fs
Φy (k)
k=0
where Φy (k) denotes the estimated frequency-discrete power spectral density of
the measured output signal y(n). When minimizing (3.22) it is seen that also the
WESPR is minimized for a given input-output signal pair {u(n), y(n)}.
The principles described above are most easily illustrated by considering a problem that is linear in the parameters, i.e. a problem that can be written as
y(n) = φ(u(n))T θ + v(n)

(3.24)
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with φ(u(n))T being the regression vector [2, 3], θ being the parameter vector and
v(n) a term containing the noise and remaining model errors. If the least squares
solution in (3.2) is sought for the problem in (3.24) then (3.2) can be rewritten as
C(θ) = H(u)θ − y

(3.25)

where H(uu) is the regression matrix with every row corresponding to the φ(u(n))T
at a given time instant n, u and y being the measured input respectively output
signal.
The optimum θ in (3.25) is given by [2, 3]
θ = HH H

−1

HH y.

(3.26)

Applying a linear ﬁlter to data gathered in a vector is equivalent to multiplying
said vector with a Toeplitz matrix. Using this method frequency weighted model
parameters can be identiﬁed using the weighted linear least-squares solution
θ = HH WH WH

−1

HH WH Wy

(3.27)

with W denoting the frequency weighting matrix.

3.6

Experimental verification

The power spectra of a typical input-output signal pair when testing a PA can look
like what is found in Fig. 3.2. Considering the huge diﬀerence between the power
in-band and out-of-band of the output signal it is easy to see how a relatively small
model error in-band will contribute much more to the total error in (3.2) than large
model errors out-of-band.
The data in Fig. 3.2 is measured on the 3G LDMOS class AB PA described in a
later chapter, using a signal which is typical for single channel 3G communication.
Input powers were chosen to mimic typical working conditions.
In Paper A the performance of diﬀerent evaluation criteria were evaluated, and
in Paper B the performance of models extracted using the frequency weighted least
squares criterion in (3.22) were compared using the previously found performance
evaluation criteria.
The results of the comparison between diﬀerent performance evaluation criteria
in Paper A will be shown here by considering the graphs of the MEMR, NMSE,
ACEPR and WESPR using the soft window in (3.20).
Figs. 3.3 and 3.4 show the NMSE respectively the MEMR when evaluating
the behavioral modeling performance of the parallel Hammerstein model [41] for
varying memory lengths and nonlinear orders. As shown earlier, the two measures
are expected to have similar performance and that is also veriﬁed by these graphs.
Considering Fig. 3.5 it is seen that both these criteria require a higher nonlinear
order, 13 compared to 9, and a longer memory, 3 compared to 2 taps, to decrease
"suﬃciently slow".
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Fig. 3.2: The measured power spectral densities of a typical input and output signal
when testing a PA.
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Fig. 3.3: The NMSE for varying nonlinear order and memory lengths of the parallel
Hammerstein model when applied to data measured on a PA. Note that the memory
length starts on 1.
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Fig. 3.4: The MEMR plotted in the same way as in Fig. 3.3. Note that the memory
length starts on 1.
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Fig. 3.5: The ACEPR and the WESPR plotted in the same way as in Fig. 3.3.
The WESPR is oﬀset by 3 dB to give a clearer view. Note that the memory length
starts on 1.
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Case #
1
2
3
4

Model
f1 (·; θ1 )
f2 (·; θ2 )
f2 (·; θ̄2 )
f1 (·; θ̄1 )

NMSE [dB]
-39.2
-38.7
-32.3
-35.5

WESPR [dB]
-39.9
-39.8
-41.4
-40.4

# parameters
24
16
16
24

Table 3.1: Evaluation criteria dependence on the loss functions and model parameters.

In Paper B the diﬀerence between using an frequency neutral loss function
(3.2) in the parameter extraction and a frequency weighted function (3.22) were
investigated. The PA under test was the same as in the previous cases but the
input signal was changed to a double-carrier WCDMA signal with channel center
spacing of 15 MHz.
It was shown that using the wrong cost function for parameter extraction can
result in an erroneous choice of model order, or possibly even of model structure.
In Table 3.1 the model results for two diﬀerent parallel Hammerstein model orders
are compared. Cases #1 and #2 show the results when the model parameters, θ1
and θ2 , are extracted using the criterion in (3.2). It is seen that the ﬁrst model
order, f1 (·; θ1 ), gives better performance when considering both the NMSE and
the WESPR than the second model order, f2 (·; θ2 ). This would label the model
f1 (·; θ1 )1 as the best model and the best parameter set.
As the main goal in this context is to get the best modeling performance in
terms of WESPR, is there something that can be done? As the model parameters
θi were extracted to optimize the NMSE it could be possible to change the cost
function. Consider Cases #3 and #4 where the loss function is given by (3.27) with
W (f ) given by (3.21). Case #3, for model f2 (·; θ2 ) which earlier was considered
to have inferior performance, suddenly has improved the WESPR by 1.6 dB by
changing the loss function to optimize the WESPR. Some performance has indeed
been lost in terms of NMSE but that loss is of less importance.
The next question is if it is possible to improve the performance of model order
1 in the same way? From Case #4 in the table it is seen that the performance
is improved but is not close to the performance of the second model structure.
Thus it is shown that it does not suﬃce to only evaluate the model performance
using a relevant criterion but it is also necessary to extract the parameters using a
relevant loss function. Failure to do so can result in the mistake of labeling a model
structure capable of giving a better description of out-of-band performance as an
inferior structure.
The data in Table 3.1 is extracted from measurements on the same 3G class AB
PA as was used earlier. The C in (3.21) was chosen to give an attenuation of 40
dB for the in-band model errors as compared to the out-of-band eﬀects.
A comparison of the performance of parallel Hammerstein models extracted
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Fig. 3.6: The NMSE dependence of the model parameter extraction criteria.
Method 1 is unweighted parameter extraction. Method 2 is frequency weighted
parameter extraction.

using the sum-square-error in (3.2) and the frequency weighted criterion in (3.22)
is shown in Figs. 3.6 for the NMSE and 3.7 for WESPR. These ﬁgures are for
the earlier mentioned double carrier WCDMA signal. It is seen that the NMSE
decreases as normal for the unweighted parameter extraction criterion whereas the
weighted varies considerably. The WESPR show increased performance when using
the frequency weighted criterion, as expected.

3.7

Statistical analysis

In the previous sections it is argued that for mildly nonlinear systems one should
consider the out-of-band eﬀects more than the in-band eﬀects for RF PA behavioral
modeling. An important question to answer is what happens to the model parameters due to the frequency weighting on a model capable of exactly describing the
PA under test.
The analysis in Paper B shows that the parameter variance increase due to
reduced SNR. Even if there are noises that are amplitude dependent, such as phase
noise, the SNR is higher in the channel where the original signal was transmitted.
As this frequency range is suppressed by the frequency weighting the total SNR is
reduced.
However, the major impact does not come from noise but from model errors.
Now assume that there is a perfect model of the PA under test, i.e. a model that
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Fig. 3.7: The WESPR dependence of the model parameter extraction criteria.
Method 1 is unweighted parameter extraction. Method 2 is frequency weighted
parameter extraction.

is capable of describing the PA up to an additive noise term v(n):
y(n) = f (u(n); θ0 ) + v(n).

(3.28)

For simplicity, start by assuming a model that is linear in the parameters, i.e.,
a model that can be expressed as
y(n) = φ[u(n)]T θ0 + v(n)

(3.29)

where y(n) is the output, u(n) is the input, θ0 is the true parameter vector, v(n) is
additive zero-mean noise uncorrelated with u(n), and φ[u(n)]T is the linear regression vector for prediction of the output signal at one time instant. For the parallel
Hammerstein case, φ(u[n])T corresponds to one row of the H(u) matrix.
For a model linear in the parameters, it can be shown that the expected value
of the estimated parameter vector θ when applying the frequency weighting fulﬁlls
 = θ0 , i.e., the estimated parameters are unbiased, just as for the standard
E{θ}
linear least squares solution in (3.26).
In the above mentioned cases nothing has been said about noise in the input
data u(n). In the cases here the input signal u(n) is measured so it contains noise.
This results in a so called errors-in-variables problem [3]. The approach here is to
apply coherent averaging [90] to reduce the noise power and thus the bias.
For the more general case of arbitrary parameterizations, consider the normalization of the weighted cost function in (3.22), given the estimator output θN , which
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VF (θ) =

N −1
1 
2
|w(n)  [y(n) − f (u(n); θ)]|
N n=0
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(3.30)

where w(n) denotes the impulse response of the linear frequency weighting ﬁlter
with frequency function W (f ) as in (3.19), and  denotes convolution. Under the
conditions of a wide sense stationary zero-mean noise v(n) and a suﬃciently exciting
input signal u(n), it is possible to show that
VF (θN ) =
N −1
2
1  

w(q −1 )  f (u(n); θ0 ) − f (u(n); θN ) 
N n=0
+

N −1
2
1  
w(q −1 )  v(n)
N n=0

−

N −1
1 
2 Re w(q −1 ) 
N n=0


f (u(n); θ0 ) − f (u(n); θN ) v(n) .

(3.31)

with q −1 denoting the unit delay operator q −1 u(n) = u(n − 1).
Furthermore, assuming that both the system output f (u(n); θ0 ) and estimated
model output f (u(n); θN ) are uncorrelated with v(n), then the last term in (3.31)
asymptotically goes to zero. Equation (3.31) is then simpliﬁed as
VF (θN ) =
N −1
2
1  

w(q −1 )  f (u(n); θ0 ) − f (u(n); θN ) 
N n=0
+

N −1
2
1  
w(q −1 )  v(n) .
N n=0

(3.32)

The ﬁrst term in (3.32) is the frequency-weighted model error, and the second
term essentially corresponds to the variance of the frequency weighted noise. It is
seen that the minimizer of (3.32) is given by θN = θ0 if there is a unique parameter
vector θ that makes f (u(n); θ0 ) = f (u(n); θ) ∀ u(n). Because a large amount of
samples were assumed, the estimate is asymptotically unbiased. This is in line with
the theory given in [3].
In [3] it is shown that in cases where the noise model is to be identiﬁed the
parameters of the noise model should be identiﬁed using the cost function (3.2).
The estimation of the model parameters is then performed using the weighted loss
function (3.22).

Chapter 4

Measurement systems, principles
and performance
4.1

Measurement system

The measurement system used in most of the measurements is the modulation
domain system described in detail in [11]. Since earlier improvements to reduce
noise and increase bandwidth are implemented [11, 38, 90]. A review of the system
and the methods are given below. In Paper F an extension in the form of a
mechanical tuner is used to give the possibility of controlling the load impedance.

Modulation Domain System
The measurement system that has been used in most of the work is shown in
Fig. 4.1. The signal generation starts in a PC by making the low-pass equivalent
test signal in the form of IQ-data, see (2.5). This is uploaded to an arbitrary
waveform generator (AWG) inside a VSG, the R&S SMU200A. The IQ-signals
are then upconverted to RF using the superheterodyne principle [91], shown in a
simpliﬁed form in Fig. 4.1.
Two options are then oﬀered. Either one can measure the output signal of the
VSG or the output signal of the DUT. This possibility is shown as a switch. The
reason for measuring both the input and the output signal with the same instrument
is to reduce the eﬀects of nonideal behavior in the signal generator, the possible
driver PA and the VSA. In the case of Paper D a driver PA is needed to achieve
the necessary drive power level into the DUT.
The measurements are done by a VSA, the R&S FSQ26. The RF signal is downconverted to a low intermediate frequency (IF) and sampled by an ADC operating
at a sampling frequency of 81.6 MHz [92]. This arrangement avoids the common
problems of IQ-imbalance in the receiver architecture [93, 94].

The system has a dynamic range of around 80 dB ACPR when using
39

40

CHAPTER 4. MEASUREMENT SYSTEMS, PRINCIPLES AND
PERFORMANCE

X

DAC

LO1
IQ

PC

VSG
θ = 90◦

IQ
u(n)
y(n)

DAC

VSA

LO2

ADC

X

RF

X

DUT

Fig. 4.1: The measurement setup with simpliﬁed signal generation and analysis
showing the RF and the IQ parts. The digital baseband signal in the form of IQ-data
is loaded into the digital to analog converters (DACs) in the vector signal generator
(VSG). The baseband signal is then upconverted to the transmit frequency, in this
case 2.14 GHz. To facilitate measurement of both the input signal u and the output
signal y of the DUT a switch is used.

typical WCDMA signals and coherent averaging [90] to reduce noise.
A disadvantage with switching systems like the one presented here is
that there is no time reference when measuring input, u(n), and output,
y(n), signals. Thus a synchronization between these two are needed. This
is provided by a two-step method based on cross-correlation for a rough
sample-base adjustment, followed by a ﬁner phase-based sub-sample delay
estimation [11, 38]. This method assumes that the input and output signals
are “close” to each other as it otherwise may fail. In fact in Paper E one
occasion when this method did not yield the expected results is shown.
The useful bandwidth is limited to around 28 MHz [90] but can be extended to nearly the full bandwidth of the used signal using the method
of frequency stitching [90]. The method is based on measuring the signal
at various center frequencies but keeping some frequency overlap between
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them. This overlap is then used to synchronize the signals in both frequencyand time-domain. The method is used in Paper B and Paper D to get
digital bandwidths up to 120 MHz.
The system is made for measurements of well-matched DUTs as there are
no possibilities of making simultaneous measurement of the incoming and
outgoing waves in the present form of the system. However, this is the case
for the devices that the system is used to measure. The system has also
been extended into a full 2-port VNA using directional couplers and a RF
switch [95–97] with capabilities of measuring incident and scattered waves.
Load-pull system
A load-pull system consisting of a mechanical tuner, the MT982 manufactured by Maury Microwave [98] is used to test a low power PA. The tuner
is capable of producing very high reﬂection coeﬃcients, up to 0.95 in the
frequency ranges 1.8-2.8 and 4.9-6.0 GHz. Rated power handling capability
at maximum voltage standing wave ratio (VSWR) is 50 W input power.
In Paper F the tuner is used to subject a PA to varying reﬂection
coeﬃcients on the output port. As this is of interest for wideband signals, the
variation of reﬂection and transmission coeﬃcients over a frequency range
of 15 MHz is of interest. The method for determination of this variation is
explained in a later section.
The power ampliﬁers
As a major subject of the thesis has been to verify measurement systems
and modeling principles the device under test has been the same most of
the time. The PA is a commercially available LDMOS class AB PA with
rating of 53 dBm average output power. There are three main stages in
the PA, one high gain ampliﬁer, one low power PA with maximum power
of approximately 10 W and the ﬁnal stage with 200 W output power. The
gain is 52 dB, within 0.5 dB, over the frequency band 2100-2220 MHz.
The PA is manufactured by Ericsson AB and is intended for being used
in the third generation of mobile telecommunication systems. In commercial
operation the PA is supposed to be linearized by a feed-forward setup. This
stage is not in operation during the measurements presented in any of the
papers Paper A , Paper B , Paper C or Paper E . It has been veriﬁed
that this particular PA does not give rise to any signiﬁcant nonlinear sourcepull eﬀects [99] on the input port of the PA.

42

CHAPTER 4. MEASUREMENT SYSTEMS, PRINCIPLES AND
PERFORMANCE

In Paper D the DUT is a single transistor PA mounted in a test ﬁxture,
the PTF210451 [100] manufactured by Inﬁneon Technologies. Rated output
power is 47 dBm for P1dB and linear gain of 14 dB. Operating frequency
range is 2110-2170 MHz. To get suﬃcient input power to the PA a high
power driver ampliﬁer is used.
For Paper F the Mini-Circuits ZVE-8G [101] wideband low power PA
is used. The bandwidth goes from 2 to 8 GHz with rated variations of less
than 2 dB within the full bandwidth. Output power at P1dB is 30 dBm.
In the present measurement case it is of interest to create a mismatch on
the output of the ampliﬁer so the maximum allowable VSWR on the output
port is of interest to prevent ampliﬁer failure. It is speciﬁed to be maximum
2.0, corresponding to a return loss of approximately 9.6 dB.

4.2

PA behavioral modeling based comparison of
measurement instruments

As the number of measurement systems that are capable of modulated measurements is relatively small it is of interest to compare the performance
of the MDS to an established measurement system, namely a large signal
network analyzer (LSNA). This is done in Paper C by considering the aim
of the MDS, to provide model parameter identiﬁcation and validation data
for PA behavioral modeling.
The behavioral model evaluation criteria used in Paper C , the NMSE,
ACEPR and WESPR, are all strongly dependent not only on the model
performance, even if it would be desirable to have it that way, but also on
the noise and distortions levels in the measured input and output signals [6].
Thus the main impact on the ﬁnal performance evaluation criterion comes
from the noise and distortions in the measured signals if the model structure
is of suﬃciently high quality.
The above mentioned principle is used to evaluate the modeling performance of the LSNA MT4463A manufactured by Maury Microwave [102] in
Paper C . It is important to note that it is the performance of two measurement systems that are compared and not the principles which the respective
systems are based on.
The model choice is the parallel Hammerstein model and the PA is the
3G PA manufactured by Ericsson plus the power attenuator after it. As
this attenuator has an attenuation of 30 dB it provides good isolation from
possible inﬂuences the measurement system has on the PA on the load side.
The reason for choosing a well-known PA and a well-known model struc-
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ture with good performance is that it is the measurement systems that are
going to be tested and not the model or the PA. In other words, here it is the
PA and the model that constitute the “standard” used for the comparison.
As a comparison between the systems are done it is of importance not to
stay within one measurement system when doing the performance validation
but to also mix the identiﬁed model and the validation data between the
systems, i.e. to use data from one system to identify the model and data
from the other system to verify the performance.
The results are presented in detail in Paper C but in short it can be
said that both systems can extract parallel Hammerstein models of similar
performance whereas the validation capability is better for data measured
using the MDS. Because the MT4463A is a recognized measurement system
and the MDS has at least the same performance for this particular application it is concluded that the MDS is an adequate measurement system for
the purpose of measuring data for behavioral models of well matched PAs.
An extra investigation showed that modeling using a repetitive WCDMAlike signal give models with superior performance compared to the 62-tone
multisine signal used for the previous comparison.

4.3

Modeling and predistortion of single stage PAs

Paper D presents measurement and modeling results of a low-complexity
single stage PA, the Inﬁneon 45W transistor mounted in a test ﬁxture, described in 4.1. There is a growing interest in showing the predistortability of
lox-complexity devices, such as transistors in test ﬁxtures. Especially characterization of memory eﬀects are of interest as these makes predistortion
more complicated [17–19].
The PAs are tested by applying two-tone signals and double-carrier WCDMA
signals with varying tone spacings. The asymmetry between upper and lower
sidebands is normally an indication of the presence of memory eﬀects [30].
The PA is measured using the mentioned signals and subsequently modeled
using the parallel Hammerstein model. It is found that a higher nonlinear
order is needed but only a limited amount of memory in the model. The
chosen model order is PH(13,1).
It is of interest to compare the performance of lox-complexity memoryless
predistorters to the performance of a more complicated model, such as a
PH(13, 1). Naturally it is found that the lox-complexity models do not
give the same performance as the more advanced models. It is noted that
the memoryless predistortion makes the asymmetries worse, indicating that
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the memory eﬀects are more pronounced with predistortion. The plausible
explanation for this is the higher peak envelope powers that the predistorted
signals have. Predistorters with memory are much better at handling the
asymmetries and the PH(13, 1) predistortion reduces the asymmetry to a
much lower level.

4.4

Modeling, measurement principles, sampling theorems
and performance evaluation problems

The sampling theorem of Nyquist [12] is well known to everyone having taken
a basic course in signal theory. It states that for perfect reconstruction of
a sampled signal it is necessary to sample the signal at a rate higher than
twice the maximum frequency in the signal.
With some additional knowledge of the signal it is possible to perform
straightforward undersampling of signals, as is commonly done in many measurement instrument such as most VSAs [92]. It is also used in oscilloscopes
in diﬀerent ways of which one commonly used method is the equivalent sampling method as described in [103, 104]. The LSNA MT4463A uses an ingenious sampler-based downmixing that essentially is a form a sophisticated
undersampling [105]. These are all more or less clever tricks that utilize
some knowledge about the spectra or the repetition time of the signals to
be measured.
There are other sampling theorems that uses other information than
knowledge about the signal. In [13] it is shown that if a bandlimited signal
is produced by a known mapping g(·) from a signal f (t) of possibly unlimited
bandwidth, then the signal f (t) can be restored by sampling the output of
the mapping g(f (t)) at the Nyquist rate. This was shown to also hold
for Volterra systems by [14] and is thus termed the Zhu-Frank generalized
sampling theorem.
Turning the whole theorem around it is shown that the same theorem
can be used for modeling [14,15]. If a system K(·) transforms a bandlimited
signal into a signal that is possibly unlimited in frequency, it is still enough
to sample the output signal at the Nyquist rate of the input signal [14, 15].
Experimental veriﬁcations are found in [14, 15, 106, 107].
The theorem is used in Paper E for baseband behavioral modeling of the
PA manufactured by Ericsson AB and described in Section 4.1. For the measurements a wideband downconverter together with an ADC is used. The
useful analog bandwidth of the system is approximately 550 MHz whereas
the highest sampling frequency of the ADC is 210 MHz. The measurement
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setup is described in detail in [108]. For the wideband signal generation a
baseband signal generator, the R&S AFQ100 [109], is used. The SMU200A
is used for modulation of the signals and upconversion to a center frequency
of 2160 MHz.
The used test signals are of WCDMA-type with three diﬀerent bandwidths: 3.84, 50 and 96 MHz respectively. The power level of the signal
is approximately -7 dBm which is somewhat less than the power level normally used. This choice makes the output signal of the PA occupy around
500 MHz signiﬁcantly above the noise ﬂoor for the 96 MHz input signal.
As suggested in [90] some parts of the nonidealities in the signal generation and measurement system are reduced by measuring both the input
and the output signal. The behavioral model chosen is the parallel Hammerstein model. As the only signal that is available is the undersampled
signal, where it is impossible to determine what comes from out-of-band
and in-band eﬀects, only the NMSE can be used for evaluating the model
performance. In Paper A and Paper B it is argued that the NMSE is a
suboptimal criterion for model performance evaluation of weakly nonlinear
systems but as the error signal also is undersampled other frequency domain
based criteria cannot directly be used.
A new aspect in the behavioral modeling also entered with the high
bandwidths, that of synchronization. Earlier the cross-correlation based
approach in [38] has been used. Indeed for the low bandwidth of 3.84 MHz
this works satisfactorily.
However, when going to 50 and 96 MHz signal bandwidths the crosscorrelation based synchronization does not directly give the synchronization
that is desired. By ﬁrst performing the synchronization as in [38] and then
shifting the input signal a number of samples to make it appear as if the
output signal is delayed compared to the input signal it is possible to increase
the model performance.
The found model orders are PH(9, 4), PH(9, 7) and PH(9, 9) for the 3.84,
50 and 96 MHz signals respectively. The shifts to delay the output signal
compared to the input signal is 0, 1 respectively 3 samples with performance
improvements of 0.4 dB in NMSE for the 50 MHz and 0.5 dB in NMSE for
the 96 MHz wide signal.
Due to the undersampling the signal and error spectra do not give much
useful information, as seen in Fig. 4.2. The ﬁgure shows the measured signal
and model error spectra of the PH(9, 9) model when using the 96 MHz wide
input signal and a sampling rate of 210 MHz in the ADC.
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Fig. 4.2: The measured input, u, and output, y, spectra to respectively from the
PA when using the 96 MHz wide input signal. Used sampling rate in the ADC is
210 MHz.

As the only applicable evaluation criterion is the NMSE, and this has
been argued to be an inadequate criterion, a solution is needed. The developed criterion WESPR exclusively relays on having a full spectrum available
for the performance evaluation. This only seems to be possible by restoring
the original signal, sampled according to Nyquist, in some way.
Paper E suggested two solutions using the current measurement setup.
One is a multisine approach where it can be calculated where all the original
tones and IM-products end up when being in the sampling process.
Another method suggested in Paper E is a spectrum sweep by varying
the local oscillator and using the fact that the full 550 MHz bandwidth of
the measurement setup is available. This method is currently under investigation and results are expected to be published within short [110].
Neither of the suggested methods do solve the problem of using the
ZFGST for performance evaluation when considering baseband behavioral
modeling of RF PAs. They only focus on acquiring a full band signal to do
the performance evaluation on. No solution to the problem of out-of-band
performance veriﬁcation of models identiﬁed using ZFGST has so far been
reported.
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Modeling under varying load conditions

Paper F is a paper devoted to investigate the robustness of direct modeling performance and inverse modeling as digital predistortion performance
to variations in the output load. Only a few publications considering PA
behavioral modeling and digital predistortion in varying load impedances
are found [111–114]. In [111–113] the studies mainly consider AM/AM and
AM/PM characteristics whereas the main focus in [114] is the inﬂuence the
mismatch has on the designed Doherty ampliﬁer.
Load-pull systems in combination with vector signal measurements have
been reported earlier [115] but up to the author’s knowledge it is the ﬁrst
time a study of the performance of a more complicated baseband model, the
parallel Hammerstein model, as function of load impedance has been done.
When putting a PA into a system there is typically going to be some
mismatch on the output of the PA. In current generation basestations for
telecommunications this is typically on the order of 15 dB but in future
generations it is expected to reduce to about 10 dB [116].
The measurement system used for the testing is the MDS together with
a tuner from the load-pull system. The measurement setup is shown in Fig.
4.3. As the purpose is to vary only load impedance at the fundamental
frequency and not at the harmonics, a triplex ﬁlter is inserted between the
tuner and the DUT, as shown in Fig. 4.4.
The triplex ﬁlter introduces some variation of the reﬂected phase over
the bandwidth of interest by the delay τ . A variation in transmission gain
ΔG(f ) is also introduced by the combination of the tuner and the ﬁlter.
The phase variation does not cause any problems in the modeling process
provided the phase is “nearly” linear in the band of interest, approximately
2142-2153 MHz. This has been veriﬁed to be the case using a VNA. The
gain variations were found to be somewhat larger than desired, about 0.1
dB.
To quantify the impact the transmission gain and phase variations have
on the signals the input signal to the PA, u(n), is compared to the same signal when passing through the ﬁlter and tuner. The metric used to quantify
the distortion is a form of NMSE by considering the measured signal directly
from the signal generator as reference and the signal passing through the
tuner and ﬁlter as the test signal, i.e.
NMSE =

 uref − u 22
.
 uref 22

(4.1)
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Fig. 4.3: The measurement setup used in the load-pull measurements. The modiﬁcation is the insertion of the variable load impedance on the output of the PA.

In (4.1) uref is the reference input signal and u is the signal passing through
the tuner both gathered into a vector.  · 22 denotes the absolute-squaresum. Note that a gain and linear phase constant has been added to the
test signals u before the comparison. The NMSE thus gives a metric of the
deviation of gain ﬂatness and linear phase, as these are compensated for in
other parts.
The experimental results show that the largest NMSE is around -46 dB.
As it turns out, the behavioral models have a NMSE on the order of -40 dB.
This means that the error of -46 dB is on the edge of what is acceptable
for the particular models used here. For wide signals the results would be
considerably worse as both the ﬁlter and the tuner show large deviations
from linear phase and constant gain in large bandwidths.
Detailed results are presented in the attached paper Paper F. Conclusions are that both direct and indirect model performance deteriorates by
varying the output load impedance of the PA. Larger magnitude of the reﬂec-
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Fig. 4.4: The DUT with variable baseband impedance. Due to the non-zero length
of the triplex ﬁlter some phase variation in the reﬂection coeﬃcient over the frequency band of interest occurs. This is denoted by τ . The ﬁlter and the tuner
presents a variable transmission attenuation ΔG(f ) over the frequency band of
interest.

tion coeﬃcient in general makes the performance worse but there are special
angles where the performance is the same as that of the well matched case.
This is in line with the observations in [114] although there it is referred to
the inﬂuence the reﬂections have on the peaking ampliﬁer in the Doherty
conﬁguration.
Furthermore, as the models show good direct modeling results in all cases
when the performance evaluation is performed with the data measured at
the same impedance as the data that was used to extract the model, it is
concluded that the choice of model structure is suﬃciently good.
That some of the nonlinear behavior still is captured by the model is
also understood by the fact that even at the worst point the direct model
error is -37 dB measured as NMSE and -48 dB measured as ACEPR. The
compensation through predistortion gives 7 dB improvement in ACLR, still
an improvement but considerably worse than the achievable 20 dB improvement.
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Abstract— In this paper different evaluation criteria for
power ampliﬁer behavioral modeling are studied and evaluated using measuremed data. The ﬁgure-of-merits are
calculated from complex-envelope data of a sampled power
ampliﬁer intended for 3G. Both time- and frequency domain
methods are included in the study. It is found that a model
evaluation criterion should have ability to capture both the
linear and nonlinear distortion as well as the memory effects
in the power ampliﬁer. The normalized mean square error
(NMSE) and the weighted error-to-signal power ratio (WESPR) are found to be the strongest candidates for capturing
the in-band and the out-of-band errors, respectively. Both are
also independent of power ampliﬁer technology and stimuli
input.
Index Terms— Power ampliﬁers, nonlinear systems, radio
transmitters, memories, modeling.

I. I NTRODUCTION
In telecommunications, the base station power ampliﬁer
(PA) is an important part. It is also nonlinear which gives
spectral regrowth. In the current 3G systems a certain
regrowth is handled by introducing guard bands. In future
systems, with increasing demands on efﬁcient spectral
usage, these guard bands have to be decreased, which in
turn means that less spectral regrowth is tolerated. One
future technique of linearizing the PAs, i.e. decreasing
the regrowth, is baseband digital pre-distortion (DPD). In
order to use DPD a behavioral model, or black-box model,
to compensate for the distortions is needed.
The accuracy of the nonlinear behavior model is central and must be evaluated in some way so that strong
candidates for e.g. DPD can be found among a variety of
behavioral models. An attractive way of comparing two
models is to evaluate their performance on validation data
since it makes sense without probabilistic arguments and
assumptions about the true system. A major challenge is
to ﬁnd an evaluation criteria that can be used for different
technologies, is independent of input stimuli and gives
results comparable with other models.
A search in the database IEEE Xplore was performed.
All scientiﬁc journal papers during the publishing period
2006 to 2007 matching all the keywords: power ampliﬁer,
behavioral, and model, were investigated. The number of
papers found was 17 where 16 were applicable to the

TABLE I
VALIDATION METHODS USED IN INVESTIGATED PAPERS
Validation method
NMSE
AM/AM
AM/PM
Time domain sample
Comparison of spectra
IM3 product prediction
Comparison of ACPR
Error spectrum
ACEPR
No model validation

Citations
[3] [5] [11] [16]
[3] [10] [12] [14]
[10] [12] [14]
[16]
[1] [3] [7] [8] [10] [14] [15]
[12]
[1] [4] [5] [7] [10]
[5] [6] [16]
[3] [5] [8]
[2] [9]

below study [1]-[16]. These papers were (rather arbitrary)
selected among the large number of papers on the topic.
The authors are aware of the lack of completeness in
covering the area, and future work includes a thorough
literature search.
The procedures for the model validations were tracked
and the number of times each one of them is used are
tabulated in Table I. One paper can include more than one
validation method. In Table I we see on the one hand
a number of validation methods where the results are
shown as a ﬁgure, i.e. amplitude-to-amplitude distortion
(AM/AM), amplitude-to-phase distortion (AM/PM), time
domain sample, and error spectrum, and on the other hand
some ﬁgure-of-merits (FoMs) that can be calculated as a
number, i.e. normalized mean square error (NMSE), third
order intermodulation products (IM3), adjacent channel
power ratio (ACPR), and adjacent channel error power
ratio (ACEPR) [5]. The former category is about twice
as common as the latter.
All the methods have their pros and cons, the NMSE
is easy to calculate but will for all practical applications
only be affected by the error in-band while it is often the
error out-of-band that is of importance, see [5], [17]. The
authors therefore argue that the NMSE is an insufﬁcient
FoM while other measures are better suited as evaluation
criteria.
In this paper a number of validation criteria for radio
frequency PA behavioral models are evaluated, showing
their pros and cons in a comparative way. The measures
that will be considered are the NMSE, the ACEPR, the

II. T HEORY
The used model structure is the parallel Hammerstein
(PH) model, also denoted the memory polynomial model
or the nonlinear tapped delay line, as described in [18]. The
model is widely used and acknowledged for its ability to
capture both linear and nonlinear memory effects with a
small number of parameters compared to other behavioral
models. Only odd-ordered polynomials are used for the
nonlinear part since only the ﬁrst spectral zone is of
interest. Causal FIR-ﬁlters following each polynomial are
used to model memory effects. This model structure is
linear in the parameters and easily identiﬁable by the
method of least-squares [18].
For nonlinear models with memory the number of model
parameters becomes large even for short memories. Using
sparse delays in the ﬁlters similar to [19] will yield
the minimum NMSE for a given memory length. This
approach is tested using the same linear search as in [19].
Let uval (n) and yval (n) be the complex-envelope measured (sampled) validation input and output signals,
ymodel (n) the model output signal using uval (n) as input
and em (n) = yval (n) − ymodel (n) the model error when
using FIR-ﬁlters with m samples of memory to compute
ymodel (n), all in time domain. Let the corresponding uppercase letters denote the time-discrete Fourier transform of
said signal.
The NMSE is deﬁned as

| E m (f ) |2 df
(1)
NMSE = BW
| Yval (f ) |2 df
BW
where BW is the normalized available bandwidth and f
is the normalized frequency.
Using the vector 2-norm  · , MER is deﬁned as [19]

 N
0

| e0 (i) |2
 e 2
MER =
=  Ni=1
(2)
2
 yval 2
i=1 | yval (i) |

−39.6
Poly7
Poly9
Poly11
Poly13
Poly15

−39.8

−40

NMSE [dB]

weighted error-to-signal power ratio (WESPR), the complementary memory measures, the memory effect ratio
(MER) and the memory effect modeling ratio (MEMR)
[18]. For illustration the power spectrum and the error
power spectrum are also included. All the criteria have
been evaluated using measured data.
Error vector magnitude (EVM) is also used [11] but
it is directly related to the NMSE. Accordingly, ﬁgures
for EVM will not be reported within this paper. IM3 is
another FoM but it is not deﬁned for wideband signals
and does not directly consider memory effects. However,
a normalization by integrating the power difference in
upper and lower IM3 as in [17] gives a measure of
memory effects in the PA but is still not clearly deﬁned
for wideband signals.
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Fig. 1. NMSE as function of nonlinear orders and memory length.
The NMSE without memory is considerably larger and is not plotted to
improve readability.

where the error is computed using the nonlinear order
that gives the smallest value and N is the number of
samples. Using the nonlinear order from MER, MEMR
with memory length m is [19]
MEMRm = 1 −

 em 2
.
 e0 2

(3)

where em is the error vector when m samples of memory
is used. ACEPR [20] is deﬁned as
 Wi+
| E m (f ) |2 df
W−
(4)
ACEPR = max  i
i∈{1,2}
| Yval (f ) |2 df
ch
where 1 and 2 denote the lower and upper adjacent channel
and the integration limits are as in [20].
The WESPR [21] is deﬁned through

| W (f ) E m (f ) |2 df
f ∈I

(5)
WESPR =
| Yval (f ) |2 df
f ∈J
where the integrations are performed over suitable frequency ranges using the weighting function W (f ). In [21]
two weighting functions W (f ) are suggested. Only the
soft thresholding window
W (f ) =

max( | E m (f ) | )
max( | E m (f ) | ) + | Uval (f ) |

(6)

is considered since tests have shown this window’s ability
to separate models with similar performance that the other
window could not.
III. E XPERIMENTAL
Measurements were made on a base station solid-state
power ampliﬁer, manufactured by Ericsson AB, intended
for 3G. The gain is 52 dB and the input signal power
was -7.8 dBm at 2.14 GHz. The output power level was

TABLE II
MER AND MEMR PERFORMANCE
Nonlinear order
Possible MER [dB]
Memory length m
MEMRm [dB]

5
-37.43
1
-6.96

7
-37.92
2
-5.78

9
-38.04
3
-5.65

11
-38.07
4
-5.66

13
-38.08
5
-5.65

15
-38.08
6
-5.64

7
-5.61

8
-5.59

fs = 40.8 MHz, N = 10000
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ACEPR Poly9
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Fig. 2. MEMR in dB when considering different nonlinear orders and
memory lengths.

Fig. 3. WESPR and ACEPR for different nonlinear orders and memory
lengths.

comparable with normal operation conditions for the PA.
All the data were taken with the PA at thermal equilibrium.
The measurement set-up is described in [5]. During the
measurements the power ampliﬁer showed considerable
memory effects and nonlinear behavior.
The number of samples in the identiﬁcation data was
54400 and in the validation data 10880. Of these the last
N = 10000 samples were used for the crossvalidation.
The chosen IQ-sampling frequency was 40.8 MHz. The
sampling frequency was sufﬁciently large to analyze the
entire spectrum of the output signal aboce the noise ﬂoor
without aliasing. The bandwidth used to compute the
NMSE was limited to 26 MHz as suggested in [21]. Both
identiﬁcation and validation signals were 3.84 MHz wide
WCDMA-like signals with peak-to-average ratios between
7 − 8 dB.

as NMSE. Further improvements are neglible.
In Fig. 3 the ACEPR and WESPR using the soft
thresholding window (6) are shown. The difference when
using nonlinear order 11 and 13 with memory length
exceeding 2, is approximately 0.5 dB in WESPR and is
not neglible. Nonlinear orders higher than 13 yield no
substantial difference compared to order 13. ACEPR and
WESPR show no substantial improvement when memory
lengths exceeding 4 are used. ACEPR has slightly larger
differences between model orders than WESPR.
Let PH(P, M ) denote the parallel Hammerstein model
using nonlinear order P and memory length M . The
spectra of the measured input and output signals, model
output PH(13,4) and PH(9,2) and the crossvalidation errors
when using PH(13,4), PH(13,0) and PH(9,2) models are
shown in Fig. 4.

IV. R ESULTS
The results of the FoMs are presented in Figs. 1-3 and
Table II. NMSE shows no further decrease when higher
model order than nonlinear order 9 and memory length 2
or 3 is used, depending on what is considered to be an
improvement.
The sparse ﬁlter structures have been tested using the
150 ﬁrst delays and the results were sequentially ordered
up to at least 5 delays for this particular PA.
MER attains the minimum value for nonlinear order 9
in Table II. MEMR if hence found to give the same result

V. C ONCLUSIONS AND DISCUSSION
The reported study covering some of the most recent
works on PA behavioral modeling showed that model
performance evaluation is done in many different ways depending upon what is most important: in-band distortions
or spectral regrowth/out-of-band distortions. Generally, the
difference in power between these two is so prominent that
the out-of-band errors’ contribution to the total error is
neglible. In this study the spectral regrowth is considered
to be of highest importance as long as the in-band distor-

0
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Fig. 4. Spectra of the measured input and output signals, simulated
signals using PH(13,4) and PH(9,2), the crossvalidation error when using
PH(13,4), PH(13,0) and PH(9,2) models. The high order model PH(13,4)
is close to the measured output signal. The in-band performance of all
models are more or less the same, as seen from the model error. Outof-band performance varies more, with the highest model order showing
the best performance. The importance of memory effects is illustrated by
the performance difference between PH(13,0) and PH(9,2).

tion is sufﬁciently small as not to cause severe performance
degradation.
The most commonly used numerical FoMs for PA
behavioral modeling were compared. The NMSE and the
combination of MER and MEMR shows similar performance and chooses PH model orders as PH(11, 2-3). This
is explained by the similarity between MER and MEMR;
they are both scaled NMSEs.
ACEPR and WESPR, which both are weigthed to be
more inﬂuenced by the out-of-band errors, indicates higher
PH-model order, approx. PH(13,3-4). Advantages of the
WESPR over the ACEPR are its generality in stimuli
signals and its ability to capture effects both in- and outof-band. The performance difference between the models
is illustrated in Fig. 4. The out-of-band errors are clearly
smaller when using the higher order models according to
the weighted FoMs ACEPR and WESPR.
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7RJHWKHU ZLWK WKH QRQOLQHDU EHKDYLRU RI WKH 3$

PRGHOV H[WUDFWHG XVLQJ WKH QRUPDOL]HG PHDQ VTXDUH HUURU

WKH ZLGH EDQGZLGWKV DQG KLJK SHDNWRDYHUDJH

106(  DUH FRPSDUHG WR WKH SHUIRUPDQFHV RI PRGHOV

SRZHU UDWLRV HQODUJH WKH LQWHUIHUHQFH SUREOHP

H[WUDFWHGXVLQJWKH:(6357KHUHVXOWVVKRZDQLQFUHDVHLQ

DQG OHDG WR WUDQVPLWWHG VSHFWUXP VSUHDG ZKLFK

SHUIRUPDQFHZLWKDGHFUHDVHLQPRGHOFRPSOH[LW\

LV RIWHQ UHIHUUHG WR DV VSHFWUDO UHJURZWK 7KH

.H\ZRUGV UDGLR IUHTXHQF\ SRZHU DPSOLILHUV EHKDYLRUDO

RQO\VROXWLRQWRWKHDERYHPHQWLRQHGSUREOHPLV
WKH XVH RI OLQHDU DPSOLILHUV 7KH GHVLJQ RI

PRGHOLQJ RXWRIEDQG SURSHUWLHV PRGHO YDOLGDWLRQ GLJLWDO
SUHGLVWRUWLRQ

HIILFLHQW OLQHDU 5) 3$V LQ PRGHUQ UDGLR
WHOHFRPPXQLFDWLRQ V\VWHPV KDV EHHQ GHVFULEHG
LQ WKH OLWHUDWXUH DV RQH RI WKH PRVW FKDOOHQJLQJ

1 Introduction

GHVLJQSUREOHPVEHFDXVHRIWKHFRQIOLFWEHWZHHQ

5DGLR IUHTXHQF\ 5)  SRZHU DPSOLILHUV 3$V 
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WKH 5) SRUWLRQ RI VXFK V\VWHPV 7KH LQKHUHQW

VLPXODWLRQV>@ZKHUHFLUFXLWOHYHOVLPXODWLRQVDUH

QRQOLQHDULW\ RI WKH 3$ FDXVHV LQWHUIHUHQFH ZLWK

WRR FXPEHUVRPH +RZHYHU LWV PDLQ XVH LV IRU

RWKHU WUDQVPLWWLQJ FKDQQHOV DQG LV VRPHWKLQJ WR

GLJLWDO SUHGLVWRUWLRQ WKURXJK LQYHUVH PRGHOLQJ LQ

EH

RUGHUWRLPSURYH3$OLQHDULW\>@

DYRLGHG

0RGHUQ

GLJLWDO

PRGXODWLRQ

WHFKQLTXHV RIIHU KLJK GDWD UDWHV EXW XVH KLJK



EDQGZLGWKV DQG KLJK SHDNWRDYHUDJH UDWLRV

7KLVSDSHUVKRZVWKHLPSRUWDQFHRIH[FKDQJLQJ

%RWKRIWKHVHDUHH[SHFWHGWRLQFUHDVHZLWKQHZ

WKH WUDGLWLRQDOO\ XVHG PLQLPXP PHDQ VTXDUH

WHFKQRORJLHVVXFKDV:RUOGZLGH,QWHURSHUDELOLW\

HUURU FULWHULRQ IRU PRGHO SDUDPHWHU LGHQWLILFDWLRQ
LQ IDYRU RI D IUHTXHQF\ZHLJKWHG OHDVW VTXDUHV
FULWHULRQ 7KH LQFUHDVH LQ PRGHOLQJ SHUIRUPDQFH
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YHFWRU q  DQG e(n )  LV WKHYHFWRUHUURU1RWH WKDW

6HFWLRQ  D UHYLHZ RI 3$ EHKDYLRUDO PRGHOLQJ

IRUWKHSXUSRVHRIPRGHOSHUIRUPDQFHYDOLGDWLRQ

SHUIRUPDQFH HYDOXDWLRQ FULWHULD LQWURGXFWLRQ RI

IRUWKHPRGHOHUURULQ  DVHWRIYDOLGDWLRQGDWD

WKH XVHG PRGHOV DQG WKH PHDVXUHPHQW VHWXS
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DQG FKDQQHO FHQWHU VSDFLQJV RI  0+] 7ZR


)LJXUH7KHPHDVXUHGSRZHUVSHFWUDOGHQVLWLHV

VHWV RI EDVHEDQG GDWD ZHUH PHDVXUHG RQH

RI WKH HPSOR\HG GXDO FDUULHU :&'0$ VLJQDO DW

LGHQWLILFDWLRQ VHW {u(n ), y(n )}  FRQVLVWLQJ RI WKH

WKH 3$ LQSXW D  DQG WKH UHVXOWLQJ VSHFWUDO

LQSXWVLJQDO u(n ) DQGWKHRXWSXWVLJQDO y(n ) DQG

GHQVLW\RIWKH3$RXWSXW E 

RQHYDOLGDWLRQVHW {u val (n ), y val (n )} ZLWK



VLPLODUQRWDWLRQIRULQSXWDQGRXWSXWVLJQDOV7KH

0HDVXUHG LQSXW DQG RXWSXW SRZHU VSHFWUDO

VHTXHQFHVDUHSKDVHUHSHWLWLYHWRDYRLGVSHFWUDO

GHQVLWLHV IRU WKH EDVHEDQG LGHQWLILFDWLRQ VLJQDOV

OHDNDJH ZLWK D UHSHWLWLRQ WLPH RI  PV

u(n ) DQG y(n ) DUHVKRZQLQ)LJ7KHDGMDFHQW

ZKLFK \LHOGV  VDPSOHV SHU UHSHWLWLRQ DW D

DQG DOWHUQDWH FKDQQHO SRZHU UDWLRV IRU WKH

VDPSOLQJUDWHRI0+]7KHPHDVXUHGSHDN

PHDVXUHG LQSXW VLJQDO DUH  G% DQG .

WR DYHUDJH UDWLRV IRU WKH LGHQWLILFDWLRQ DQG

G% )RU WKH PHDVXUHG RXWSXW VLJQDOV WKHVH DUH

YDOLGDWLRQ LQSXW VLJQDOV DUH  G% DQG  G%

.G%DQG.G%UHVSHFWLYHO\,WFDQDOVR

UHVSHFWLYHO\ 7KH XVDEOH EDQGZLGWK RI WKH

EHQRWHGIURP)LJWKDWWKH0+]EDQGZLGWK

HPSOR\HGYHFWRUVLJQDODQDO\]HULV0+]7KLV

REWDLQHG WKURXJK VWLWFKLQJ GLG QRW FDXVH WKH

EDQGZLGWK LV QRW VXIILFLHQW WR IXOO\ FKDUDFWHUL]H

RXWSXW IURP WKH 3$ WR UHDFK WKH QRLVH IORRU

WKH VSHFWUDO UHJURZWK RI WKH VLJQDO )UHTXHQF\

+RZHYHU LW ZDV QRW SRVVLEOH WR H[WHQG WKH

VWLWFKLQJ >@ ZDV XVHG WR REWDLQ D YLUWXDO

EDQGZLGWKDQ\IXUWKHUXVLQJWKLVSDUWLFXODUVLJQDO

DQDO\]HU EDQGZLGWK RI  0+] ZLWK D YLUWXDO



VDPSOLQJ IUHTXHQF\ RI Fsvirtual =  0+]
&RKHUHQW DYHUDJLQJ ZDV XVHG WR UHGXFH WKH
QRLVHDVGHVFULEHGLQ>@

7KHLQSXWVLJQDOVZHUHVWLWFKHGWRREWDLQDYLUWXDO

DQG3G%RIG%PRXWSXWSRZHUDWDFHQWHU
IUHTXHQF\RI*+]7KHVLJQDOVKDGDYHUDJH
LQSXWSRZHUVRIG%P

7R VKRZ WKH JHQHUDO EHKDYLRU RI WKH 3$ D
G\QDPLF $0$0  FXUYH IRU WKH 3$ LV VKRZQ LQ
)LJDQGDG\QDPLF $030 FXUYHLVVKRZQLQ
)LJ7KHVSUHDGLQERWKJDLQDQGSKDVHIRUD
)LJXUH7KHPHDVXUHGG\QDPLF$0$0

JLYHQ LQSXW VLJQDO DPSOLWXGH LQGLFDWHV WKH

GLVWRUWLRQRIWKH3$XQGHUWHVW

SUHVHQFHRIPHPRU\HIIHFWV





([WUDFWLRQRI3$SDUDPHWHUV
7KH SURFHGXUH WR H[WUDFW WKH EHKDYLRU RI D
SDUWLFXODU

V\VWHP

EDVHG

RQ

LQSXWRXWSXW

PHDVXUHPHQWVLVNQRZQDVV\VWHPLGHQWLILFDWLRQ
> @ ,W LQYROYHV DPRQJ RWKHU WKLQJV LVVXHV
VXFK DV PRGHO VWUXFWXUH DQG PRGHO RUGHU
VHOHFWLRQ HVWLPDWLRQ RI PRGHO SDUDPHWHUV WKH
HQWULHV RI WKH SDUDPHWHU YHFWRU q  DQG PRGHO
)LJXUH7KHPHDVXUHGG\QDPLF$030

YDOLGDWLRQ7KHWKHRULHVDUHZHOOGHYHORSHGIRU

GLVWRUWLRQRIWKH3$XQGHUWHVW

OLQHDUG\QDPLFV\VWHPV





'HYLFHXQGHUWHVW

$VUHFHQWO\SRLQWHGRXW>@”'XULQJWKHODVW

7R WHVW D QHZ LGHQWLILFDWLRQ DQG HYDOXDWLRQ

\HDUV WKHUH KDV EHHQ DQ LQFUHDVLQJ LQWHUHVW LQ

FULWHULRQLWLVLPSRUWDQWWRKDYHD3$WKDWVKRZV

PRGHOLQJ RI QRQOLQHDU EHKDYLRU RI VXEV\VWHPV

XQGHVLUDEOHHIIHFWVLQWKHIRUPRIERWKOLQHDUDQG

WKDW DUH ‘FORVH’ WR EHLQJ OLQHDU 0DLQO\ WKHVH

QRQOLQHDU PHPRU\ HIIHFWV EXW LV VWLOO D

V\VWHPVZHUHGHVLJQHGWREHOLQHDU+RZHYHUD

FRPPHUFLDO SURGXFW %HFDXVH DQ LPSURYHG

GHVFULSWLRQ RI WKH GHYLDWLRQ IURP WKLV LGHDO

SDUDPHWHU H[WUDFWLRQ PHWKRG LV VXJJHVWHG LW LV

EHKDYLRU LV YLWDO IRU WKH HYDOXDWLRQ RU VLPXODWLRQ

LPSRUWDQW WR VKRZ WKDW WKH SURSRVHG PHWKRG

RIWKHSHUIRUPDQFHRIWKHJOREDOV\VWHPWRZKLFK

ZRUNV RQ ”ZHOOEHKDYHG” 3$V DQG QRW RQO\ LQ

WKH FRQVLGHUHG V\VWHP EHORQJV” 7KH 3$ LV D

VSHFLDOFDVHVRI3$VVLJQDOVDQGPRGHOV

JRRGH[DPSOHRIVXFKDV\VWHPDQGLWVDFFXUDWH



FKDUDFWHUL]DWLRQ LV IXQGDPHQWDO IRU RSWLPXP

$OO GDWD SUHVHQWHG KDYH EHHQ PHDVXUHG RQ D

PRGHODQGSUHGLVWRUWLRQSHUIRUPDQFH

FRPPHUFLDOO\DYDLODEOH/'026FODVV$%*3$
IURP(ULFVVRQ$%7KH3$KDVDJDLQRIG%D
UDWHG PD[LPXP DYHUDJH LQSXW SRZHU RI  G%P

/HDVWVTXDUHVHVWLPDWLRQ

FRUUXSWHGE\QRLVHDQerror-in-variables SUREOHP

(VWLPDWLQJ D SDUDPHWHU YHFWRU q  IURP D VHW RI

RFFXUV>@$FFRUGLQJO\LWLVLPSRUWDQWWRUHGXFH

N  LQSXWRXWSXW PHDVXUHPHQWV ZH GHQRWH WKH
UHVXOWLQJ HVWLPDWH E\ 
qN ) LV SDUW RI WKH

WKH QRLVH OHYHO WR DYRLG ELDV LQ WKH HVWLPDWHG

LGHQWLILFDWLRQ

DFKLHYHGE\DYHUDJLQJ>@

SURFHGXUH

7UDGLWLRQDOO\

PLQLPL]DWLRQ RI WKH OHDVW VTXDUHV FULWHULRQ LV
HPSOR\HGWKDWLV
 C (q) =

N -1

å

y(n ) - f (u(n ); q) 2 =

n =0

N -1

å

e(n ) 2  

n =0

SDUDPHWHUV $V PHQWLRQHG HDUOLHU WKLV LV

3.2 Estimating out-of-band effects
3$EHKDYLRUDOPRGHOLQJLVPDLQO\FRQFHUQHGZLWK
WKH RXWRIEDQG SURSHUWLHV 7KLV LV LQ FRQWUDVW WR

ZKHUH f (u(n ); q) LVWKHPRGHORXWSXWDQG e(n ) LV

WKH PRUH FODVVLFDO PRGHOLQJ RI OLQHDU V\VWHPV

WKH PRGHO HUURU 8QGHU VRPH PLOG FRQGLWLRQV

ZKHUH LW LV NQRZQ WKDW WKH RXWSXW VLJQDO

PLQLPL]DWLRQ RI WKLV FULWHULRQ FRUUHVSRQGV WR

EDQGZLGWKLVWKHVDPHDVRUSRVVLEO\OHVVWKDQ

PLQLPL]LQJWKH106(LQ  

WKHLQSXWVLJQDOEDQGZLGWK)RU3$PRGHOLQJWKH



RXWRIEDQG HUURUV VKRXOG KDYH D KLJKHU LPSDFW

7R JLYH DQ H[DPSOH RI HUURU PLQLPL]DWLRQ

RQ WKH HPSOR\HG LGHQWLILFDWLRQ PHFKDQLVP

FRQVLGHU DQ\ PRGHO WKDW LV OLQHDU LQ WKH

FRPSDUHG WR WKH LQEDQG HUURUV ,Q RWKHU ZRUGV

SDUDPHWHUV VXFK DV WKH SDUDOOHO +DPPHUVWHLQ

ZKHQH[WUDFWLQJWKHSDUDPHWHUVRIWKHPRGHOWKH

PRGHO 7KH OHDVWVTXDUHV FULWHULRQ   FDQ EH

LQIOXHQFH RI WKH RXWRIEDQG SURSHUWLHV LV PDGH

UHZULWWHQLQPDWUL[IRUPDV

PRUHSURQRXQFHGIRUIUHTXHQFLHVRXWRIEDQGDV



2

C (q) = y - H(u)q 

 

FRPSDUHGWRXVLQJ  

ZKHUH WKH YHFWRUV u  DQG y  FROOHFW WKH GLJLWDOO\



PHDVXUHG LQSXW {u(n )}  DQG RXWSXW LGHQWLILFDWLRQ

7KH

VLJQDO {y(n )}  H(u) FRQWDLQVWKHEDVLVIXQFWLRQV

PHDVXUHV LV REWDLQHG E\ HPSOR\LQJ D ZHLJKWHG

IRUPHGE\WKHLQSXWGDWDDQG q LVWKHSDUDPHWHU

FRVWIXQFWLRQWREHPLQLPL]HGWKDWLV>@

YHFWRU7KHVROXWLRQLVUHDGLO\REWDLQHG>@


q N = (H(u)H H(u))-1 H(u)H y 
 



ZKHUH ()H GHQRWHVFRQMXJDWHWUDQVSRVH

7KH SDUDOOHO +DPPHUVWHLQ VWUXFWXUH LV OLQHDU LQ
WKHSDUDPHWHUV>@7KHVWUXFWXUHRIWKH.DXW]
9ROWHUUD PRGHO LQFOXGHV WKH VHOHFWLRQ RI WKH
QXPEHUDQGORFDWLRQVRIWKHSROHV>@$IWHU
WKH SROH VHOHFWLRQ WKH SUREOHP ILWV LQWR WKH
IUDPHZRUNLQ  

%HFDXVHWKHFRQVLGHUHGPRGHOVDUHQRQOLQHDULQ
WKH LQSXW GDWD u(n )  ZKHUH WKLV GDWD LQ WXUQ LV

WUDGHRII

C F (q) =

IRU

N -1

å

n =0

LPSURYLQJ

RXWRIEDQG

yF (n ) - fF (u(n ); q) 2 

 

ZKHUH yF (n )  GHQRWHV WKH ILOWHUHG YHUVLRQ RI WKH
3$ RXWSXW DQG WKH ILOWHULQJ LV SHUIRUPHG E\ WKH
DLG RI D VWDEOH OLQHDU WLPHLQYDULDQW ILOWHU
6LPLODUO\ fF (u(n ); q)  GHQRWHV WKH ILOWHUHG PRGHO
RXWSXW LH ILOWHULQJ RI WKH FRPSOH[YDOXHG
EDVHEDQG PRGHO RXWSXW f (u(n ); q)  ZLWK WKH
FRQVLGHUHGILOWHU

$V QRWHG LQ >@ WKH YDOXHV RI WKH ”WUXH”
SDUDPHWHUVRIWKHPRGHOGRQRWPDWWHUEHFDXVH
DPRGHOVWUXFWXUHFRPSOHWHO\FRYHULQJWKHLQSXW

RXWSXWUHODWLRQVKLSZRXOGEHWRRFXPEHUVRPHRU

)RU D PRGHO OLQHDU LQ WKH SDUDPHWHUV LW FDQ EH

PRUH OLNHO\ LPSRVVLEOH WR KDQGOH LI VXFK D
VWUXFWXUH HYHQ H[LVWV ,QVWHDG WKH DLP LV WR

VKRZQ WKDW WKH H[SHFWHG YDOXH RI WKH HVWLPDWHG
q  ZKHQ DSSO\LQJ WKH
SDUDPHWHU YHFWRU 

SURYLGH D PHWKRG WR ILQG D UHDVRQDEO\ JRRG VHW

IUHTXHQF\ ZHLJKWLQJ IXOILOOV E{
q} = q0  LH WKH

RI SDUDPHWHUV RU D PRGHO VWUXFWXUH  WKDW

HVWLPDWHG SDUDPHWHUV DUH XQELDVHG MXVW DV IRU

PLQLPL]HVDPRUHUHOHYDQWPRGHOHUURUFULWHULRQ

WKHVWDQGDUGOLQHDUOHDVWVTXDUHVVROXWLRQLQ  

WKDQWKHPRVWZLGHO\XVHGFULWHULRQLQ  

+RZHYHU WKH YDULDQFH RI WKH ZHLJKWHG



SDUDPHWHUVLQFUHDVHVEHFDXVHWKHHIIHFWLYH

7KLVGHVLUDEOHSURSHUW\FRPHVDWDSULFH)RUWKH

VLJQDOWRQRLVHUDWLRLVGHFUHDVHG

FDVH FRQVLGHUHG KHUH WKH ILOWHULQJ SURFHVV WR



PLQLPL]H WKH RXWRIEDQG ZHLJKWHG :(635

)RU WKH PRUH JHQHUDO FDVH RI DUELWUDU\

LQVWHDG RI WKH 106( UHGXFHV WKH HIIHFWLYH

SDUDPHWHUL]DWLRQV FRQVLGHU WKH QRUPDOL]DWLRQ RI

VLJQDOWRQRLVH UDWLR 7KXV D KLJKHU YDULDQFH LQ

WKH ZHLJKWHG FRVW IXQFWLRQ LQ   JLYHQ WKH
HVWLPDWRURXWSXW 
qN ZKLFKPLQLPL]HV

WKHHVWLPDWHGSDUDPHWHUVUHVXOWV

VF (q) =




$QDO\VLV

1
N

7KH LQIOXHQFH RI IUHTXHQF\ ZHLJKWLQJ RI

N -1

å

w(n ) * [ y(n ) - f (u(n ); q) ] 2



 

n =0

PHDVXUHPHQWVRQWKHSDUDPHWHUYDOXHVPXVWEH

ZKHUH w(n )  GHQRWHV WKH SXOVH UHVSRQVH RI WKH

FRQVLGHUHG &RQVLGHU WKH FDVH RI D SHUIHFW

OLQHDU IUHTXHQF\ ZHLJKWLQJ ILOWHU ZLWK IUHTXHQF\

PRGHORID3$LHDPRGHOLQZKLFKWKHDFWXDO

IXQFWLRQ W ( f )  DQG *  GHQRWHV FRQYROXWLRQ

3$FDQEHGHVFULEHGE\WKHDGGLWLYHHUURUPRGHO

8QGHU WKHFRQGLWLRQV RI DZLGHVHQVHVWDWLRQDU\

y(n ) = f (u(n ); q0 ) + v(n ) 

]HURPHDQQRLVH v(n ) DQGDVXIILFLHQWO\H[FLWLQJ



 

LQSXWVLJQDO u(n ) LWLVSRVVLEOHWRVKRZWKDW
qN ) =
VF (

ZKHUH v(n ) LVDGGLWLYH]HURPHDQQRLVH


1
N

:H VWDUW E\ DVVXPLQJ D PRGHO WKDW LV OLQHDU LQ
WKH SDUDPHWHUV LH D PRGHO WKDW FDQ EH
H[SUHVVHGDV


 +
T

y(n ) = f[u(n )] q0 + v(n ) 

 

N -1

å

qN ) ùû
w(n ) * éë f (u(n ); q0 ) - f (u(n ); 

n =0
N -1

1
N
1
N

å

w(n ) * v(n ) 2

å 2 Re w(n) *

-

WKHWUXHSDUDPHWHUYHFWRU v(n ) LVDGGLWLYH]HUR

{ éë f (u(n ); q0 ) - f (u(n ); qN ) ùû v(n ) } .

LV WKH OLQHDU UHJUHVVLRQ YHFWRU IRU SUHGLFWLRQ RI
WKH RXWSXW VLJQDO DW RQH WLPH LQVWDQW )RU WKH
SDUDOOHO

+DPPHUVWHLQ

FDVH

f[u(n )]T 

FRUUHVSRQGVWRRQHURZRIWKH H(u) PDWUL[


  

n =0
N -1

ZKHUH y(n ) LVWKHRXWSXW u(n ) LVWKHLQSXW q0 LV
PHDQQRLVHXQFRUUHODWHGZLWK u(n ) DQG f[u(n )]T 

2

n =0


)XUWKHUPRUH DVVXPLQJ WKDW ERWK WKH V\VWHP
RXWSXW f (u(n ); q0 )  DQG HVWLPDWHG PRGHO RXWSXW
f (u(n ); 
q N ) DUHXQFRUUHODWHGZLWK v(n ) WKHQWKH

ODVW WHUP LQ   DV\PSWRWLFDOO\ JRHV WR ]HUR
(TXDWLRQ  LVWKHQVLPSOLILHGDV

VF (
qN ) =



1
N
+

N -1

å

w(n ) * éë f (u(n ); q0 ) - f (u(n ); 
q N ) ùû   

n =0
N -1

1
N

WKH IUHTXHQF\ ZHLJKWLQJ QHZ SROHV DUH

å

2

GHWHUPLQHGWKDWPLQLPL]HWKH:(635LQVWHDGRI
WKH106(7KHSROHVHOHFWLRQLVGRQHEDVHGRQ
DJULGVHDUFK

w(n ) * v(n ) 2 .

n =0





7KHGLVFXVVHGPHWKRGRIIUHTXHQF\ZHLJKWLQJLQ

7KH ILUVW WHUP LQ   LV WKH IUHTXHQF\ZHLJKWHG

WKHSUHVHQWHGIRUPLJQRUHVWKHHIIHFWVRIVSHFWUDO

PRGHO HUURU DQG WKH VHFRQG WHUP HVVHQWLDOO\

OHDNDJH GXH WR QRQSHULRGLF VLJQDOV 7KH

FRUUHVSRQGV WR WKH YDULDQFH RI WKH IUHTXHQF\

VWDQGDUG PHWKRG RI ZLQGRZLQJ IRU UHGXFLQJ

ZHLJKWHG QRLVH ,W LV VHHQ WKDW WKH PLQLPL]HU RI
  LV JLYHQ E\ 
qN = q0  LI WKHUH LV D XQLTXH

VSHFWUDO OHDNDJH FDQ EH XVHG EXW LW VKRXOG EH

SDUDPHWHU

YHFWRU

q

QRWHG WKDW VXFK DQ RSHUDWLRQ FRUUHVSRQGV WR

PDNHV

FRQYROXWLRQ LQ WKH IUHTXHQF\ GRPDLQ WKDW LV D

f (u(n ); q0 ) = f (u(n ); q)"u(n )  %HFDXVH D ODUJH

ZHLJKWHG DYHUDJH RI DGMDFHQW IUHTXHQF\ ELQV LQ

DPRXQWRIVDPSOHVZHUHDVVXPHGWKHHVWLPDWH

WKHIUHTXHQF\GRPDLQ

LVDV\PSWRWLFDOO\XQELDVHG7KLVLVLQOLQHZLWKWKH



WKHRU\JLYHQLQ>@

,QPRVWRIWKHDERYHPHQWLRQHGFDVHVWKHQRLVH



KDV EHHQ DGGLWLYH ZKLWH QRLVH )RU FDVHV ZLWK

,PSOHPHQWDWLRQ

QRQZKLWH QRLVH LW ZDV VKRZQ LQ >@ WKDW WKH

:LWK D PRGHO WKDW LV OLQHDU LQ WKH SDUDPHWHUV

QRLVH PRGHO VKRXOG EH LGHQWLILHG XVLQJ WKH IXOO

VXFK DV WKH SDUDOOHO +DPPHUVWHLQ VWUXFWXUH WKH

EDQGPHDVXUHLHWKHVXPVTXDUHHUURULQ  

IUHTXHQF\ ZHLJKWLQJ LV LPSOHPHQWHG E\ ILOWHULQJ

ZKHUHDV WKH PRGHO SDUDPHWHUV DUH HVWLPDWHG

HDFK FROXPQ LQ WKH PDWUL[ H(u)  E\ WKH FKRVHQ

XVLQJIUHTXHQF\ZHLJKWLQJ

IUHTXHQF\ ZHLJKWLQJ ILOWHU 7KH ILOWHULQJ FDQ EH



LPSOHPHQWHG



E\

PXOWLSO\LQJ

WKDW

WKH

FKRVHQ

IUHTXHQF\ ZHLJKWLQJ IXQFWLRQ LQ WKH IUHTXHQF\

4 Results

GRPDLQE\WKHEDVLVIXQFWLRQV,QWKLVSDSHUWKH

5HVXOWV IURP WKH PHDVXUHPHQWV GHVFULEHG

IUHTXHQF\ GRPDLQ UHSUHVHQWDWLRQ RI WKH OLQHDU

HDUOLHU DUH VKRZQ IRU WKH WZR PRGHOV SDUDOOHO

ILOWHU LV FKRVHQ WR EH WKH VDPH IXQFWLRQ DV WKH

+DPPHUVWHLQDQGWKH.DXW]9ROWHUUDPRGHO7KH

RQH WKDW LV XVHG WR FRPSXWH WKH :(635

UHVXOWV LOOXVWUDWH WKH LPSRUWDQFH RI FKRRVLQJ DQ

FULWHULRQ )ROORZLQJ WKH IUHTXHQF\ ZHLJKWLQJ D

DSSURSULDWH HYDOXDWLRQ FULWHULRQ DV LQ >@ DQG

OHDVW VTXDUHV LGHQWLILFDWLRQ RI WKH SDUDPHWHUV LV

FRVWIXQFWLRQWRREWDLQRSWLPXPSHUIRUPDQFHIRU

SHUIRUPHG )RU WKH .DXW]9ROWHUUD PRGHO HDFK

WKHFKRVHQHYDOXDWLRQFULWHULRQ

OLQHDU PLQLPL]DWLRQ LV SHUIRUPHG DV IRU WKH



SDUDOOHO



+DPPHUVWHLQ

PRGHO

WKDW

LV

PXOWLSOLFDWLRQ LQ WKH IUHTXHQF\ GRPDLQ E\ WKH
ZHLJKWLQJIXQFWLRQ7RVKRZWKDWWKHVWUXFWXUHRI
WKH.DXW]9ROWHUUDPRGHOLVDFWXDOO\FKDQJHGE\

,GHQWLILFDWLRQUHVXOWVIRUSDUDOOHO+DPPHUVWHLQ



VWUXFWXUHV
7DEOH  VKRZV WKH FDVH ZKHQ WZR GLIIHUHQW
SDUDPHWULF PRGHOV KDYH EHHQ LGHQWLILHG E\ WKH
OHDVWVTXDUHV PHWKRG WKDW LV PLQLPL]LQJ  
SURGXFHV WKH PRGHOV f1 (; 
q1 )  DQG f2 (; 
q2 )  7KH
HYDOXDWLRQ FULWHULD LQFOXGH WKH 106( DFFRUGLQJ
WR  DQGWKH:(635DVGHILQHGLQ>@ZLWKWKH
ZHLJKWLQJ IXQFWLRQ W ( f )  JLYHQ E\   DQG D C 
YDOXH WKDW FRUUHVSRQGV WR DQ DWWHQXDWLRQ RI WKH
LQEDQGPRGHOHUURUE\G%


)LJXUH  7KH HUURU SRZHU VSHFWUD RI WKH IRXU



GLIIHUHQW FDVHV JLYHQ LQ 7DEOH  7KH ODEHOLQJ LV

&RPSDULQJ WKH ILUVW WZR FDVHV LQ WKH WDEOH LW LV
FOHDUWKDWXVLQJWKHPHWKRGRIOHDVWVTXDUHVWKH
PRGHO f1(; 
q1 )  &DVH RXWSHUIRUPVWKHVHFRQG
RQH &DVH   LQ WHUPV RI ERWK 106( DQG
:(635DQGLVWKXVQDWXUDOO\ODEHOHGWKH’EHWWHU’
RQH+RZHYHULIWKH:(635LVWKHPRVWFULWLFDO
FULWHULRQ ZH QRWH WKDW WKH VHFRQG PRGHO
VWUXFWXUH f2 (; q)  LV DEOH WR SURGXFH D ORZHU
:(635 WKDQ WKH ILUVW PRGHO E\ FKDQJLQJ WKH
q2  WR q2  RU E\ WUDGLQJ
SDUDPHWHU YDOXHV IURP 

DFFRUGLQJ WR 7DEOH   0HWKRG  DQG 
0HWKRG  FRUUHVSRQG WR PRGHOV  DQG 
UHVSHFWLYHO\ LGHQWLILHG XVLQJ 106(  0HWKRG
DQG0HWKRGFRUUHVSRQGVWRPRGHOVDQG
 UHVSHFWLYHO\ LGHQWLILHG XVLQJ :(635 7KH
PHDVXUHG RXWSXW VLJQDO \ KDV EHHQ LQFOXGHG DV
UHIHUHQFH 7KH FKDQQHO SRZHU OHYHO RI WKH
PHDVXUHG RXWSXW KDV EHHQ QRUPDOL]HG WR  G%
7KH HUURU VSHFWUD IRU  0HWKRG  LV KLGGHQ
EHKLQG0HWKRG

:(635DJDLQVW106( &DVH 7KLVLVGXHWR
WKH

LQIOXHQFH

RI

WKH

IUHTXHQF\ZHLJKWHG

HVWLPDWLRQ PHWKRG RQ WKH FULWHULD ,Q SDUWLFXODU
IRU WKH WKLUG H[SHULPHQW WKH DOWHUQDWLYH FULWHULRQ
  EDVHG RQ WKH :(635 KDV EHHQ HPSOR\HG
LQWKHHVWLPDWLRQSURFHGXUHZKLFKUHVXOWVLQ q 2 
&DVH

0RGHO

106(>G%@

:(635>G%@

SDUDPHWHUV



f1(; ql1 ) 









f2 (; ql2 ) 









f2 (; q2 ) 









f1(; q1 ) 







7DEOH(YDOXDWLRQFULWHULRQGHSHQGHQFHRQWKHLGHQWLILFDWLRQFULWHULDDQGPRGHOSDUDPHWHUV7KH
H[SHULPHQWLVFDUULHGRXWRQDFRPPHUFLDO*FODVV$%3$ZLWKDJDLQRIG%DQGDPD[LPXPLQSXW
SRZHURIG%P
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Abstract
The performance of power amplifier behavioral models depends strongly on the performance of the
system used to measure the amplifiers. In this study two different systems with nonlinear
measurement capability are used to model a commercially available PA. One system is a large-signal
network analyzer (LSNA) and the second system is a modulation-domain system (MDS) consisting
of a vector signal generator and a vector signal analyzer.
The PA was tested with multitone and WCDMA signals and behavioral models were extracted
from the measured data. The evaluation criteria normalized mean square error and weighted error
spectral power ratio or adjacent channel error power ratio were then computed to compare the
performance of the models from the two systems. Cross-validation between the systems, using data
from one system to obtain the model and validating its performance with data from the other system,
shows that the model performance is mainly affected by the used validation data. Validating the
performance of models from the LSNA with data from the MDS indicates that the identified models
have almost the same performance as the MDS-identified models, i.e. it does not matter which
system is used to identify the models. Cross-validation using a WCDMA-signal and multitone signal
from the different systems shows that the normalized mean square error is mainly affected by
modeling imperfections introduced by using another signal type. WESPR and ACEPR show a
certain difference in performance with somewhat lower values for the MDS. The behavior of the two
systems can be explained by different noise levels.

I. Introduction
In the present study two measurement setups
for measuring non-linear radio frequency
components and systems are compared when
considering behavioral modeling. The two
systems are the Maury Microwave MT4463A
large-signal network analyzer (LSNA) and the
modulation-domain
measurement
system
(MDS) consisting of a vector signal generator,
the R&S SMU200A, and a vector signal
analyzer, the R&S FSQ26.
The same device under test, a radio frequency
power amplifier (PA) intended for the 3rd
generation of mobile communications, has been
measured separately with the two systems. The
studied PA is well documented in previous
studies [1], [2]. The measured input and output
signals from the power amplifier with both the
MDS and the LSNA systems were compared.
The measured data was used to identify
behavioral models and the modeling results
were compared using accepted criteria for
behavioral modeling performance evaluation.
To the authors' knowledge no study of the
above character has previously been reported.
However, a study comparing a LSNA, a
microwave transition analyzer and a digital
sampling oscilloscope was done in [3]. This
study focused mainly on identifying error
sources due to possible mismatches in the
measurement systems.
II. Prerequisites
When comparing the two measurement
systems from a behavioral modeling perspective
the model is a critical choice. Note that it is the
systems that are under evaluation, not the
model. For the present study a well defined,
well documented model with excellent modeling
properties for the specific device under test, i.e.
the radio frequency PA, has been used: the
parallel Hammerstein (or the memory
polynomial) model [1], [2], [4]-[6]. The model
is described by the nonlinear order P and the
memory length M. Such a model is henceforth
denoted PH(P,M). Previously published reports
[1], [2] have shown that the modeling error both

in and out-of-band for the particular device
under test will not significantly decrease after a
nonlinear model order of 9 and a memory length
of 2 sample delays. That model order
complexity, i.e. PH(9,2), is therefore used in the
present study.
The test signals are two sets of 62-tone signals
and one WCDMA-signal with a peak-to-average
ratio of 6.5 dB. The 62-tone signals were
generated to have an amplitude probability
density function similar to the WCDMA-signal
by optimizing the amplitudes and phases with
the algorithm in [7]. The resulting 62-tone
identification signal was used in both systems to
obtain models and the 62-tone validation signal
was used to validate the performance. The
WCDMA-signal was also used in the MDS to
give a comparison of the modeling performance
when using different signal types.
The 62-tone modeling performance of the
systems is evaluated by using the two PA
behavioral modeling criteria normalized mean
square error (NMSE) and weighted error
spectral power ratio (WESPR) [8]. NMSE is
mainly affected by in-band model errors and
WESPR is designed to take account of the outof-band model errors. The weighting function in
WESPR is chosen to be the maximum of the
lower and upper adjacent channels to give a
criterion similar to the adjacent channel error
power ratio (ACEPR) but only the discrete
frequencies where IM-products can be found are
included. For the comparison when the
WCDMA-signal is used as input and output to
the model, the adjacent channel error power
ratio (ACEPR) and the NMSE are considered.
To compare the performance of the systems
for this particular purpose an identification
signal measured in one system is used to
identify a model. The performance of the model
is then evaluated using the validation signal
measured in the other system. The difference
between modeled and measured output, the
model error, is then computed and evaluated
using NMSE, WESPR and/or ACEPR. If one
system has an advantage in dynamic range this
will be shown by consistently having better

III. Experimental
The setups are similar in both cases. The
LSNA is described in detail in [9] and the MDS
in [1] and the references therein. To make the
comparison as fair as possible the considered
device under test included both the PA and
attenuator as shown in Fig. 1.
PA

Attenuator

Fig. 1. The PA setup without the measurement systems.
The reference planes are chosen at the input of the PA and
the output of the attenuator.

modeling process. Fig. 2 shows that the weakest
detectable signals are in the range -60 to -70
dBc. The MDS show lower measured powers
below and above the signal band. This could
indicate that the MDS is capable of
measurements with higher dynamic range than
the LSNA.
The output signals show the spectral regrowth
of the amplifier. The measured spectrum differs
somewhat between the two systems.
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validation.
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IV. Results
Figs. 2 and 3 show the measured input and
output signals, respectively, for an input power
level of -9.2 dBm. The power is normalized to
make the signals from both systems have the
same power in-band.
For the input signal the measured differences
in the sidebands are large. The difference in
input signal is partly taken care of in the
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Fig. 2. The measured input signal spectrum using both
systems at the power level -9.2 dBm. Blue line shows data
from the MDS and red stars show data from the LSNA.
The upper part shows data for the measured frequency
range of the LSNA and the lower shows the spectrum at
frequencies below the channel.
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To get the highest accuracy in the modeling of
the PA it is necessary to measure both the input
and the output signals. Using measured input
and output signals in the modeling process
reduces some of the distortions introduced by
the measurement setup.
The device under test (DUT) is a commercial
PA from Ericsson AB. It is a LDMOS-PA with
a gain of 52 dB and rated maximum input power
of 1 dBm. The used center frequency is 2.14
GHz. In earlier studies [1], [2] the PA has
shown significant memory effects when used at
high power levels. The power sweep covering
33 different power levels, from 1 W to 38 W
were chosen to keep the PA fairly close to
normal working conditions. Using higher power
levels will result in stronger nonlinearities but
also larger modeling errors. This is undesired
since this work focuses on comparing
performance of the measurement systems and
not the model itself.
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Fig. 3. Spectrum of the measured output signal in the
respective system. Upper and lower parts of the figure are
as in Fig. 2.

As has been shown earlier [1] the quality of
the validation data has the major impact on the
evaluation criteria. Fig. 4 shows the NMSE and
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Fig. 5. The cross-system validation performance for
NMSE and WESPR is shown. "Id-LSNA val-MDS"
means that the model is identified using identification data
from the LSNA and the performance is validated using
the validation data form the MDS.
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Fig. 4. The NMSE and the WESPR when using data
measured within the system. Lower power levels show
larger difference than higher powers. This is partly due to
the fact that the model cannot completely describe the
behavior of the PA.
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-45

models using data from the MDS and validating
with data from the LSNA gives the same
performance as when both identifying and
validating using data from the LSNA-system.
This behavior shows that the LSNA finds
approximately the same model parameters as the
MDS but is not quite able to validate the
performance of the model at the lower power
levels.

NMSE and WESPR [dB]

the WESPR when evaluated on data within the
respective system, i.e. 62-tone identification and
validation data are both measured in the same
system. PH(9,2)-models for each power level
are extracted for each system and then evaluated
using the validation data from the same system.
The data from the MDS has lower NMSE and
WESPR. The difference between overall model
performance decreases as the power increases
which mainly is explained by the model’s
inability to completely predict the PA behavior.
WESPR, which is an out-of-band modeling
error criterion, shows a behavior similar to
NMSE but with larger difference at the lower
power levels. The behavior at the lower power
levels is a clear indication of noise or distortions
in the measured data out-of-band. The power
levels out-of-band are naturally much lower
than the in-band and are thus more easily
affected by noise.
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In Fig. 5 the NMSE and the WESPR are
shown when cross-validating the data between
the systems, i.e. the identification data comes
from one system and the validation data comes
from the other system. Fig. 5 shows that when
identifying with data from the LSNA and
validating using data from the MDS, the NMSE
and the WESPR are almost as good as when
staying within the MDS. However, identifying

Fig. 6. The NMSE and ACEPR when identifying using
62-tone data from both systems and validating the
performance using the WCDMA-signal measured in the
MDS. "id-MDS val-WCDMA" means that the model is
identified using the 62-tone and the performance is
validated using the WCDMA-signal.

Results based on different signal types are
shown in Fig. 6 where the models are identified
using the 62-tone signals from respective system
and validated using the WCDMA-signal
measured in the MDS. For NMSE the difference
in performance between the systems is
negligible whereas the ACEPR is 3-4 dB lower
when using the MDS. The negligible differences
in NMSE between the systems appear since the
models are not identified for the parts of the
spectra that fall between the discrete frequencies
defined by the 62-tone. A model error much
larger than the errors caused by the noise is thus
introduced. For the out-of-band effects,
measured as ACEPR, the difference between the
systems is significant. The out-of-band signal
power is lower than in-band and the ACEPR is
thus more easily affected by the noise.
-30

NMSE and WESPR [dB]

-35
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WESPR

NMSE

the noise and distortion levels in the respective
systems.
In general, it is seen that the LSNA-system
finds models that give approximately the same
performance as the models found using data
from the MDS, both in-band, measured as
NMSE, and out-of-band, measured as WESPR
or ACEPR. It has earlier been shown [1] that the
main impact on the evaluation criteria is given
by the used validation data. The behavior is also
clear when considering that an approximate
model, like the PH-model, does not consider
every aspect of the behavior but only the major.
This property provides certain robustness
against noise when identifying the models.
When computing the model error all the noise in
the measured data is directly present and can
directly affect the final result.
Other model orders, both with and without
memory, have been tested with the same results.
One problem that arose in certain cases with
more complex models and the less-noisy data
from the MDS was over-modeling.
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Fig. 7. NMSE and WESPR are shown when using the
WCDMA-data for model identification and then
validating the performance using the 62-tone signals from
the respective system.

The results when identifying the model using
the MDS-based WCDMA-signal and validating
the performance with the 62-tone signal for the
respective system are shown in Fig. 7. The
NMSE is almost the same for both systems, but
compared to the NMSE in Fig. 4 it is much
worse, at least 10 dB, for the MDS-data and
approximately 5 dB for the LSNA. For the
WESPR the difference between the systems is
large. When comparing the difference between
the WESPR in Fig. 4 and Fig. 7 there is almost
no difference. One possible explanation is again

V. Conclusions
The performance of two measurement systems
with nonlinear measurement capabilities has
been compared using PA behavioral modeling.
The performance is compared through the
accepted PA behavioral modeling criteria
NMSE, WESPR and ACEPR. The systems are a
LSNA and a MDS.
For 62-tone signals it was found that the
LSNA-setup gives behavioral models with
almost the same performance as the MDS both
in-band, measured as NMSE, and out-of-band,
measured as WESPR or ACEPR. However, the
tested LSNA could not validate the performance
of the models.
At the highest power levels the model
performance was the limiting factor. The
difference in performance between the systems
would have persisted also at higher powers if
another model structure better suited to describe
the PA had been used.
The results based on using different signal
types for identification and validation show that

it is not straightforward to use the models if the
best performance is desired. The differences
between the systems in-band, i.e. the NMSE,
were negligible and depended mainly on the
signal type. Out-of-band differences between
the systems, WESPR or ACEPR, were more
pronounced with lower values for the MDS.
It is important to remember that these results
are obtained under the assumption of well
matched systems. Measurements with the LSNA
indicate that this is the case for this particular
PA. For other PAs, this may not be the case and
the MDS system may then produce erroneous
results.
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Abstract
Sideband asymmetries in distortion products are
created due to electrical and thermal memory effects
and this can be difficult to correct for in a digital
predistortion algorithm. In this study, sideband
asymmetries in third-order intermodulation distortion
products before and after digital predistortion were
investigated using 2-tone and 2-carrier WCDMA
signals. The parallel Hammerstein model was used in
the digital predistortion algorithm. The sign of the
asymmetries before correction were found to depend
on power level. Memoryless correction lead to an
increase in asymmetries for some power ranges
whereas using a PH model of order 13 with only one
order of memory length lead to good correction over a
large power range.

1. Introduction
The traditional field of radio frequency engineering
has merged with the world of signal processing, one
example is the introduction of behavioral modeling
and digital linearization techniques in wireless
communication. The process of the two fields
approaching each other has been going on for at least
ten years. Despite this fact there is still much work
undone, also when it comes to fundamental
understanding of how device and circuit designs
should be optimized for best system performance. For
future modulation formats and amplifier technologies
this is even more unclear. There are a number of
characterization methods and key figures available for
power amplifiers; new standards need to be introduced
for benchmarking of device and circuit designs.

Sideband asymmetries in distortion products are
created due to electrical and thermal memory effects
[1-4] and this can be challenging to correct for in a
digital predistortion algorithm. In this paper, a study of
sideband asymmetries for radio frequency power
LDMOS before and after digital predistortion (DPD) is
presented. The device under test was a PTF210451
(2.1 GHz 45W part) from Infineon Technologies. The
study incorporated two-tone and 2-carrier wideband
code division multiple access (WCDMA) signals for
varying tone-spacing, bandwidth and swept over
power.

2. Experimental
The setup includes a modulation-domain system
which is described elsewhere [5] and previously used
for e.g. digital measurements on radio frequency
power amplifiers. Briefly, the setup consists of a vector
signal generator (R&S SMU200A, Rohde&Schwarz
GmbH), a vector signal analyzer (R&S FSQ26,
Rohde&Schwarz GmbH), and a personal computer.
The signal was fed to the device under test (DUT) via
a feed-forward linearized 3G power amplifier with
excellent linearity, here acting as a driver amplifier.
All data is gathered in the form of IQ-data and
processed in the personal computer. To achieve the
needed signal properties both frequency stitching and
coherent averaging were used to achieve high
measurement bandwidths (more than 50 MHz) and low
noise levels, respectively [6].

0

The DPD algorithm used throughout this paper is
the Parallel Hammerstein (PH) model. The model is
known under a few different names e.g. the nonlinear
tapped delay line and the memory polynomial model.
Let u ( n ) and y ( n ) be the input and output complexvalued signals given on complex-envelope form,
respectively. A radio frequency power amplifier is an
almost linear band-pass system and if only the first
spectral zone (near the carrier frequency) is considered
the output y ( n ) of the PH model is

Output signal
Input signal
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Fig. 1: 2-carrier WCDMA measurement, input signal
and stitched output signal with 100 MHz digital
bandwidth.

The study incorporated two-tone and two-carrier
WCDMA signals for varying tone-spacing, bandwidth
and swept over power. The signals were defined in the
personal computer and stored in the signal generator.
The WCDMA signals had peak-to-average power
ratios of 8 dB.
The linearity of the measurement is an important
figure and will limit the ability to validate the model
and linearization performances [6]. In Fig. 1 an
example of a measured 2-carrier WCDMA with 10
MHz tone-spacing is shown. The input power level is
35 dBm. The output signal power is approximately 46
dBm and the digital bandwidth is 100 MHz. The
adjacent channel power ratio (ACPR) of the input
signal is approximately -72 dB.
The study includes digital predistortion (DPD)
measurements. In the DPD an inverse model of the
transistor's response function was used (here model
based). The signal was predistorted to optimize the
linearity of the output signal of the transistor. Here,
IM3 defined as

ò
ò
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å H2p -1(q ) u(n) 2(p -1)u(n ) =

p =1

=
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M

å å bm,2p -1
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u(n - m )

p =1 m = 0

where P corresponds to the truncated nonlinear model
order, 2P - 1 , and M is the memory length
considered by the model. A PH model of nonlinear
order R with memory length M is henceforth referred
to as PH(R, M). The PH model has been manifested as
a very efficient parameter reduction of the full Volterra
model and the number of reports that uses or compare
with it is large. Some examples where the PH model is
used as an inverse model in an algorithm for digital
predistortion are [7-10].

3. Results
The third order intermodulation products (IM3) of a
power-swept two-tone are shown in Fig. 2 for tone
spacings 5, 10 and 15 MHz. The corresponding
asymmetries, IM 3l - IM 3u , are shown in Fig. 3 for
each case. The asymmetries for all tone-spacings start
out positive for low powers and then switch sign
around 33.5 dBm. The reason for this is currently
unclear and needs further investigation.

Y (F)d F

IM 3 channell / u

IM 3l / u =

y(n ) =

-35

Y (F)d F

(1)

Closest
channell / u

was used as the linearization measure. In (1) Y (Φ )
denotes the power spectrum of the 2-carrier WCDMAsignal with tone spacing F. "IM3-channel denotes the
two channels centered at B3F / 2 relative to the center
of the channels. "Closest channel" denotes which
channel is used to normalize the power in the IM3channel. This figure of merit is defined in analogy with
the standard IM3 definition for two-tone signals.

-40

IM3 power [dBc]

-80
-50

-45
-50
-55
5 MHz lower
5 MHz upper
10 MHz lower
10 MHz upper
15 MHz lower
15 MHz upper

-60
-65
-70
24

26

28
30
Average input power [dBm]

32

34

Fig. 2: Two tone measurement, IM3 swept over
power for tone spacings 5, 10 and 15 MHz.
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Fig. 6: 2-carrier WCDMA measurement, IM3 versus
output power for tone-spacings 5, 10 and 15 MHz.

IM3 after using DPD for the 10 and 5 MHz tone
spacings are shown in Figs. 6 and 7 respectively.
Chosen model orders are PH(3,0) and PH(13,1).
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Fig. 5: 2-carrier WCDMA measurement,
asymmetries versus output power for tonespacings 5, 10 and 15 MHz.

IM3 [dB]

In Fig. 4 IM3 for the 2-carrier WCDMA
measurements without DPD are shown. At higher
powers the nonlinear behavior does not show much
memory.
Fig. 5 shows the asymmetries in IM3 for the 2carrier WCDMA measurement with tone-spacings 5,
10 and 15 MHz. The behavior is similar to the twotone case (cf. fig. 2). We note that the maximum
amplitudes of the asymmetries (both positive and
negative) are smaller for the 2-carrier WCDMA case
than the 2-tone case. This seems to make sense due to
cancellation effects for complex signals. Also, the
switch of signs occurs for lower power for the 2-carrier
WCDMA case (~30dBm versus ~33.5 dBm for the 2tone case). Further investigation is needed.
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2

40

Fig. 3: Two-tone measurement, asymmetries in IM3
versus output power for tone spacings 5, 10 and 15
MHz.
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versus output power for 10 MHz tone spacing
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manifests itself in steep increases in IM3s as the power
increases, which clearly is seen for the DPD using the
PH(13,1) on the 39-40 dBm output power levels in
Fig. 6.
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Fig. 9: The difference between the lower and upper
IM3 in Fig. 7.

Substantial improvements in IM3 are possible using
memoryless models. We note that the correction
degrades at higher powers where the transistor starts to
compress.
The asymmetries in IM3 after DPD for the two tone
spacings 5 and 10 MHz are shown in Figs. 8 and 9
respectively. For the 10 MHz comparing the
uncorrected case to the DPD PH(3,0) case, we note
that the asymmetries have different signs for output
power > 34dBm and that the magnitude of the
asymmetry for the PH(3,0) case is larger in the range
34-36 dBm. In other words, using memoryless DPD
can increase the asymmetries after correction.
The PH(13,1) model reduces the asymmetry
between the IM3s and the correction is very good over
the whole power range.. In Fig. 8, the asymmetry for
the 5 MHz tonespacing is shown. In this case the
asymmetry is reduced by both models. The result is
expected since a smaller bandwidth needs to be
considered by the model.
Higher power levels for the DPD were attempted
but the expansion given by the DPD algorithm could
not be properly handled at this point. This behavior

The device under test showed increased asymmetry
between upper and lower IM3 with respect to
increased tone-spacing for the two-tone and the 2carrier WCDMA-signals; the two-tone case shows a
larger asymmetry due to a lower degree of cancellation
effects.
For the 2-carrier WCDMA with a spacing of 10
MHz the difference between IM3 asymmetries before
and after memoryless DPD was approximately the
same but shifted in sign.
In the 5 MHz case the memoryless DPD increased
the asymmetry slightly for higher power levels. For
both cases the DPD using memory lead to a decrease
in the asymmetries. In both cases the IM3s were
reduced considerably, up to 20 dB for 10 MHz spacing
and 30 dB for 5 MHz spacing. The IM3-asymmetry
after DPD is also less sensitive to power level
compared to no correction.
To understand the memory effects and the influence
the DPD has on the asymmetries requires further
investigations.
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Abstract — In this paper a radio frequency power amplifier is
measured and characterized by the use of undersampling based
on the generalized Zhu-Frank sampling theorem. A test system
has been designed allowing the bandwidth of the stimuli signal to
be 100 MHz in the characterization process. That would not be
possible with any vector signal analyzer on the market. One of
the more challenging problem within the proposed concept is the
model validation process. Here, two different techniques for
model validation are proposed, the multitone and the spectrum
scan validation methods.
Index Terms — Communication system performance,
modeling, nonlinear systems, power amplifiers, radio
transmitters.

I. INTRODUCTION
Contemporary wide band code division multiple access
(WCDMA) standards utilize bandwidth of 3.84 MHz. The
3GPP long term evolution (LTE) supports scalable
bandwidths up to 20 MHz, and its continuation LTE advanced
considerably more than that. Moreover, mobile worldwide
interoperability for microwave access is supporting up to 28
MHz. It is anticipated that future wireless communication
systems will be more and more broad-band. The power
amplifier (PA) is a key radio component in any wireless
communication system, and behavioral modeling of its inputoutput characteristics a developed research area. It is also
possible that signals from different bands and of different
standards may share the same PA.
Considering the PA as a nonlinear dynamic device, the
spectral support of its outputs does not only cover the spectral
support of the input, but also the adjacent channels. Relying
on the Nyquist-Shannon sampling theorem, sampling rates of
several hundreds of MHz are required to sample the amplifier
output according to the classical sampling theorem. For
bandwidths at this order of magnitude, there are no available
analog-digital converters (ADCs) with the required dynamic
range, and thus there is a strong need for alternative radio
frequency measurement technologies to circumvent this major
obstacle. Alternatives include the use of time-interleaved
ADCs, (frequency stitching employing repetitive amplifier
input [1], or sub-sampling based on the seminal work by Zhu
[2]. In short, Zhu’s work implies that if there is a static
invertable function that compresses the spectral support of an
analog signal, it is sufficient to sample it with a speed
corresponding to twice the bandwidth of the compressed

signal. After ideal pulse-modulation to obtain the
reconstructed signal, the inverse of the compressing function
is applied to reconstructed data to obtain a full-band signal.
The results of Zhu were later on generalized to nonlinear
dynamic systems of certain classes by [3] and [4].
Motivated by the fundamental results on sampling theory
for nonlinear system identification, under-sampling (in the
Nyquist-Shannon context) has been identified as an emerging
radio frequency measurement technology for wireless
communication PAs, mostly in terms of theoretical studies. In
the paper by Wisell [5], it was shown that by using real
measurements on a 3G WCDMA PA employing different
sampling rates spanning from some 4 MHz up to 40 MHz, the
amplifier model kept comparable performance using lower
sampling rates. The work in [5] was extended in [6].
In the current work, we take the work of Wisell a step
further by increasing the bandwidth of the signal to first 50
and then 96 MHz. This has been possible due to a specially
designed test setup described in Section II [7]. The theory of
the model identification is given in Section III and the results
are presented in Section IV. Zhu-Frank sampling can utilize
the whole Nyquist bandwidth of the ADC for model
identification. However, model validation requires special
solutions that are discussed in Section V, followed by the
conclusions in Section VI.
II. TEST SETUP
Zhu-Frank generalized sampling theorem (ZFGST) does not
decrease the bandwidth required by the measurement system;
only the sampling rate can be decreased. To utilize ZFGST
one cannot rely on the vector signal analyzers on the market
today since the intermediate frequency (IF) bandwidth
preceding the ADC sampler front-end is limited to increase
the dynamic range by avoiding noise folding from the
broadband noise. Thus, a specially designed test system has
been designed for PA characterization based on ZFGST.
In order to master the wide bandwidth requirements, the
test-bed has an ultra wideband radio frequency (RF) front-end.
The RF input frequency range is 500 – 2700 MHz and the
amplitude range is -10 to +10 dBm for dynamic range
depending on the signal. The output amplifier has been
designed with a frequency range of 20 - 1000 MHz and 14 dB
gain. In total this results in a front-end with exceptional

III. MODEL IDENTIFICATION
The model identification procedure has been described in
[7]. Sampled input and output data records were measured at
different time instants with the described measurement
system. Synchronization of the acquired time series was
needed before model identification.
Since the measurement system does not provide any
possibilities of precise triggering (on the order of tenths of a
sample interval) and the physical run-time through the system
is unknown, the synchronization has been done using crosscorrelation and phase-compensation [8] to obtain sub-sample
synchronization.
The synchronization was made in two steps. The first step
was a rough synchronization on sample basis using crosscorrelation to find the “delay” between the measured input and
output signals. The second step was a sub-sample
synchronization to find the linear phase offset in the frequency
domain.
The models were identified by minimizing the mean square
error (MSE) of the measured output and the model output. As
model structure, the commonly used parallel Hammerstein
(PH) model [9] is chosen. The PH is defined by its nonlinear
order P and the memory length M. Such a model is henceforth
denoted PH(P,M). The models were identified using the
measured quantities of the input and output signals, known at
the specific time instant, and formed to a model-specific
regression matrix ' . The non-linear model behavior is
absorbed by ' . It was described with the model predictor

yˆ(n )  RT '

Due to the non-flat gain in the signal bandwidth, memory
effects stronger than usual are expected. To obtain an accurate
model these variations must be considered. The linear part of
the PH model is simply a FIR-filter. With the variations within
the signal bandwidth it is not necessarily true that the first
coefficient of this filter is the largest coefficient. To check for
possible "small" initial coefficients in the linear FIR-filter, a
delay in the output signal was introduced with one sample at a
time and identification was done for each such delay. The
NMSE was then computed for comparison. In no case was
more than 10 samples delay tested.
For the normal 3.84 MHz WCDMA signal the model with
lowest normalized MSE (NMSE) was the PH(9,4) with a
NMSE of -40.2 dB and an adjacent channel error power ratio
(ACEPR) of -56.5 dB [10]. No additional delays were
required to obtain the latter model. These results with the
found model order and model errors are in line with the results
from [8] for this particular PA.
The model order with lowest NMSE for the 50 MHz wide
signal was the PH(9,7). In Fig. 1 the measured input, output
and the model error for the PH(9,7) are shown. The necessary
delay due to the wide bandwidth in this case was one sample
yielding an improvement of 0.4 dB in NMSE as compared to
using no extra delays.

0
Output
Input
Error PH(9,7)
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properties. It has a 1000 MHz bandwidth within ± 1.5 dB
amplitude variations. It can handle up to 30 dBm peak with
close to 50 dBm third interception point. That is well enough
for the subsequent 12-bit pipelined ADC intended for direct IF
sampling that operates up to 210 MSPS conversion rate with
analog bandwidth of 700 MHz. A frame grabber interfaces to
the ADC and in real-time records with a data length of
2 MSamples.
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which is linear in the parameters θ . The least-squares
estimation problem is then addressed as an over determined
set of equations, linear in the parameters. Powerful and simple
methods can then be used when determining those parameters.
IV. EXPERIMENTAL AND RESULTS
The tested amplifier is a LDMOS PA intended for being
used in base stations in the 3rd generation of mobile
communications. It has 52 dB gain and a maximum rated
input power of 1 dBm. This PA is designed for use in the
2110-2170 MHz band. In small-signal S21-measurements the
frequency range with variations less than 0.5 dB is 2100 –
2220 MHz; therefore the chosen center frequency is 2160
MHz.
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Fig. 1. The power spectra of the input, output and the model error
of a PH(9,7) for the 50 MHz input signal.

For the 96 MHz wide signal the most suitable model based
on NMSE was found to be a PH(9, 9) with a NMSE of -32.8
dB and a delay of 3 samples compared to what the
synchronization found. Adding this delay improved the NMSE
by 0.5 dB compared to no delay and same model order.
V. MODEL VALIDATION
As shown in [6], [11]-[13] undersampling of the output
signal of the PA can be used for the purpose of PA modeling
with little or no loss in modeling performance. Common
model performance evaluation criteria for PA behavioral

IM products
aliased one
time

Fundamental

20

IM products
aliased two
times

10
0
Relative Amplitude

models are NMSE, ACEPR and weighted error-to-spectral
power ratio (WESPR). However, data sampled according to
the ZFGST does only allow direct evaluation of NMSE. The
NMSE has earlier [14]-[15] been shown to be an inadequate
metric for model performance evaluation. In fact, ACEPR was
in [16] found to be the best low-complexity metric to identify
nonlinear mismatches.
The different frequency components of the output signal of
the PA, due to aliasing, fall in the same frequency bins after
the Zhu-Frank sampling making it impossible to separate
linear from nonlinear model errors. In the following two
alternative solutions are discussed.
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A. Multitone
-60

Here a multitone based approach to the model validation
problem is proposed. Multitones have been used extensively
for PA modeling purposes and their suitability for this task is
well established in numerous papers e.g. [17] and the
references therein. First, assume that a PA model has been
extracted using Zhu-Frank sampling. The model can now be
validated by using a multitone or a set of multitones according
to [17] and Zhu-Frank sampling under the condition that the
sampling frequency is set in such a manner that the
intermodulation (IM) products generated in the PA, after the
aliasing, fall on frequencies (with some margin) at which there
is no input signal. This is in practice a mild requirement that
still gives sufficient freedom to design the input signal and set
the sampling frequency. The principle is illustrated in Fig. 2.
A complex four-tone signal at baseband with a normalized
bandwidth of 60 is passed through a fifth order nonlinearity.
The output signal then has a normalized bandwidth of 300.
The output signal is sampled using a sampling clock of 79.
This will cause the IM products to alias multiple times as
shown and it is still possible to determine the amplitude and
phase of them and, thus, to compute the frequency domain
evaluation criteria ACEPR and WESPR.
The model validation is done by comparing the amplitudes
and phases of the different IM products of the measured
output of the PA and of the output from the model. Numerous
techniques to swiftly determine the amplitude and phase of
multitone signals of this kind exist. Here a method like the one
presented in [18] is recommended. In this manner, it is
possible to calculate the equivalent of adjacent channel
leakage ratio [19] by adding the power of the IM products that
fall in the adjacent channels. Further, for each IM product an
error vector is calculated. The power of these error vectors can
then be added and compared to the channel power, allowing
the computation of a WESPR similar to ACEPR.
Using a fine frequency grid in the multitone signal makes
the signal closely resemble a spectrum continuous signal and
the calculated validation criteria close to the ones that would
have been obtained with such a signal.

Fig. 2.
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B. Spectrum Scan
The spectrum using Zhu-Frank sampling contains
information from the true frequencies and the frequencies
aliased back from higher Nyquist bands.
Ad X 

d

 IA c,1

k 0

kfs

QA c,2

fs
2

(2)

kfs

where Ad = [Ad(0) … Ad(π)]T is the sampled spectrum vector,
Ac,1( f ) is the IF spectrum for all frequencies within an odd
Nyquist band starting with the frequency f, Ac,2( f ) is the
corresponding spectrum for even Nyquist bands, fs is the
sampling frequency, I is the unity matrix and Q is a matrix
with zeros except on the sub-antidiagonal where it is -1.
In practice, a low pass filter on the ADC input will remove
frequencies outside the interesting frequency band and thus, in
the following discussion an ideal low pass filter with a cut-off
frequency at K·fs will be considered. The IF spectrum, AC,
cannot be recovered directly from the sampled spectrum.
However, by having a sequence of measurements, where the
frequency of the local oscillator (LO), fLO, is changed between
each measurements the complete spectrum can be recovered.
In order to preserve information within a frequency bin the
frequency step of the LO should be an integer, s, multiplied by
the distance in frequency between two adjacent bins in the
FFT. That is fs divided by the data length, N. The notation in
(2) will change to include different sets of measurements.
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where l is an index for the measurement series, l= [0...L-1].
Several measurements will form the set of equations:
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Under the right conditions, (4) can be used to recover the IF
spectrum and to compute ACEPR and WESPR. The DC
components should be excluded and the matrix must be
quadratic and full rank.
The matrix can be quadratic by excluding the highest
frequency components and full rank can be achieved by using
proper step length, s. It can be shown that s = N/2-1 will fulfil
the requirement for full rank.
VI. CONCLUSIONS
The ZFGST for the purpose of PA behavioral modeling was
tested with different input signals of varying bandwidths,
going from 3.84 MHz through 50 MHz to 96 MHz. Main
difference in the models was the amount of required linear
memory due to gain variations. For the wider signals, the
normal cross-correlation based synchronization was no longer
sufficient to find the optimal linear FIR-filter in the model. It
was shown that introducing additional delays in the output
signal as compared to the input signal improved the model
performance with up to 0.5 dB for the same model order.
Validation of models extracted using the ZFGST was done
using the NMSE. As has been shown in [10] and [14]-[15], the
NMSE is not a well-suited criteria for PA behavioral model
performance evaluation. However, due to the aliasing, criteria
using out-of-band frequencies could not be used without
special methods. In this paper two different methods are
suggested. Multitone signals and frequency planning makes it
possible to characterize IM products in-band and use criteria
like WESPR. Another method is to achieve full-spectrum
coverage by variation of the local oscillator frequency in the
downconverter and thereby acquire signals for validation of
ZFGST-extracted models.
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Abstract— This paper presents an investigation of power
amplifier behavioural model performance sensitivity to in-band
reflections. The measurement system and model extraction
process is presented together with the results and an analysis of
the effect of parameter variations in a digitally predistorted
system. A load-pull system is used together with a digital
baseband model extraction system to identify the impact on
modelling performance. The results show that the model
performance varies greatly with in-band reflection magnitude
and phase on the amplifier output. It is also shown that a digital
predistortion based on a model extracted at matched conditions,
where it gives an excellent improvement of 20 dB in adjacent
channel leakage ratio (ACLR), gives a poor improvement of 7 dB
for miss-matched conditions with as low reflections as Γ=0.2
(return loss 14 dB). This indicates that in-band reflections need
to be considered and adaptive predistortion used also for low
VSWR system like base-stations for telecommunication.

amplifiers exhibiting memory effects, it is necessary to use
modulated signals in order to extract the model parameters.
This work has been conducted on a wideband general purpose
low-power PA with large memory effects. It is to the best of
our knowledge the first time such a complex model have been
analyzed with regards to mismatch i.e. load variations.

Γ SYS
Fig. 1 Reflection coefficient seen by the amplifier when connected in the
system.

I. INTRODUCTION
Digital predistortion (DPD) based on behavioural modeling
of power amplifiers (PAs) is used to improve system linearity
to fulfil the system specifications. The algorithms used in the
DPD are based on the parameters extracted when the model of
the amplifier is identified. In general the measurements
system used for model identification considers the amplifier to
work under perfect match [1]. This means that there are no inband or out-of-band reflections on the input or output of the
amplifier. From a system perspective this is seldom the case.
The power amplifier is normally connected to an antenna or
filter producing a system reflection ΓSYS or voltage standing
wave ratio (VSWR) on the amplifier output as shown in
Fig. 1.
This VSWR may be limited by system specifications
directly or by demands on overall spectral purity. For high
VSWR systems like low-power PAs in cellular handsets, it
has previously been shown that the great variation in output
VSWR due to variation in the hand-head interface requires a
model adaption for linearization algorithms to work properly
[2], [3]. That work was based on large signal S-parameter
AM-AM and AM-PM conversion data. For more complex
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In part II the selected amplifier is described. Part III
outlines behavioural modeling, the model selection process
and a description of the selected model. The measurement
system and its limitations are described in Part IV. The results
of the parameter sensitivity analysis and the impact of on the
predistortion are presented in part V followed by conclusions
in part VI.
II. AMPLIFIER SELECTION
The Mini-Circuits ZVE-8G amplifier was selected for this
investigation. It has a 30 dB gain over a bandwidth of 2 – 8
GHz with a 1 dB compression point, P1dB, at minimum 30
dBm. It can handle a maximum VSWR of 2.0 on the output
which enable a sensitivity study up to a reflection coefficient
(Γ) of Γ=0.33. To prevent amplifier failure Γ was limited to
0.3. The centre frequency 2.15 GHz was selected for the study
to coincide with the Tx band for the modern universal mobile
telecommunications system (UMTS) 3G standard.
To motivate the current study, a load-pull two-tone,
constant input power measurement of the amplifier is shown
in Fig. 2.

1
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inverse models are used for DPD to decrease spectral
regrowth and errors introduced by the PA imperfections.
A. The Parallel Hammerstein Model
For PA behavioural modeling a commonly used structure is
the parallel Hammerstein (PH), also know as the memory
polynomial model [5], [6]. The model can be seen as a
number of parallel odd-ordered monomials, each followed by
a finite impulse response (FIR) filter. This structure makes the
model linear in the parameters and allows separation of linear
and nonlinear memory.
A PH model is specified by the highest order monomial P
and the memory length M. Such a model is henceforth
denoted PH(P,M). The PH is a black-box model, i.e. a model
that does not have any well-known physical motivation but
nevertheless gives an adequate input-output relation [7]. The
model is used as a baseband model in this study, that is, the
parameters are extracted using complex sampled IQ-data.

Fig. 2 Detailed view of output power of the amplifier for the two-tone loadpull measurement when Γ < 0.3. Maximum average output power is 26.5
dBm. The contours indicate 0.2 dB decay gradients.

The output power is seen to be very sensitive to amplifier
load mismatch. Due to the wideband nature of the amplifier
this is expected. It is deliberately mismatched to provide a
more flat gain over a wide bandwidth. This is likely to be
detectable in the extracted linear gain model parameters.
Memory effects have been identified to be the cause of
many problems in modern systems with wideband signals and
high linearity demands [4]. Fig. 3 shows the IM3 measured in
the two-tone load-pull setup.

B. Model Order Selection
The method used to determine suitable nonlinear order P
and memory length M is described in detail in [7], [8] but will
be briefly repeated here. The aim of the model is to accurately
model the spectral regrowth, measured as ACLR. The model
error can be expressed as adjacent channel error power ratio
(ACEPR), the ratio of the model error in the adjacent channel
normalized by the power in the channel. The normalized mean
square error (NMSE), a measure of the total model error [8],
is included for reference.
Model order selection is done by comparing the model
error ACEPR of several identified PH models of varying
order. The model order where an increase in the number of
parameters does not give any reduction in the chosen error
criteria is considered to be the most suitable model.
Model order for DPD is chosen to be the same model order
as for the direct model. For systems with "short" linear
memory the pre-inverse is well approximated by a model of
the same order as the direct model. The DPD signal is
obtained by identifying the inverse model and applying the
original signal to the inverse model.

Fig. 3 Detailed view of two-tone load-pull measurement for Γ < 0.3. The
contours indicate 0.1 dB IM3 difference.

IV. THE MEASUREMENT SYSTEM
The model extraction system is based on a time-domain
(baseband) IQ sampling system as shown in Fig. 4 previously
described in [9]. A noise-like signal with properties similar to
the signals used in UMTS 3G was generated in the PC and
downloaded to the arbitrary waveform generator (AWG) in
the vector signal generator (VSG), a R&S SMU200A. The
vector signal analyzer (VSA), R&S FSQ26, is used to
measure the input and output signal to respectively from the
DUT in the form of IQ-data.
An automated tuner for load-pull measurements was
inserted to provide control of the in-band impedance at the
load side. To maintain control of the out-of-band impedance a
triplex filter was used which enabled constant individual
termination of the harmonics. The full circuit replacing the
DUT in Fig. 4 is shown in Fig. 5. The triplex filter provided
constant reflection coefficients at the centre frequency of the

The nonlinearities of the selected amplifier is showing high
sensitivity to output mismatch and an in imbalance in the
IM3-products are present also for matched conditions. It is
therefore likely that the selected amplifier will need a rather
complex model to properly describe its behaviour which
makes it a good candidate for this sensitivity study. The
choice of a wideband amplifier is furthermore motivated by
the increased interest in combining multiple transmission
bands in a single amplifier.
III. BEHAVIOURAL MODELING
Behavioural modeling of PAs is concerned with finding a
model that describes the relation between the input and the
output signals of the PA. In general, behavioural models can
be used for design and system level simulations whereas

2

bands

Γ(2 f 0 ) =0.10∠ − 43D

at

is valid only for fairly narrowband signals as the tuning
circuitry will show variations over wider bandwidths.

and

Γ(3 f 0 ) =0.23∠90D for all in-band impedances.

V. RESULTS
The variation of IM3 related to the respective position of
the tuner was presented in the introduction, Fig. 3. Each point
is presented as the imbalance of IM3 relative to the two-tone
power positioned on the reflection coefficient in the SmithChart, seen by the PA. Variations are seen with a "best"
position with both highest output power and lowest IM3, and
a worst position with lowest output power and highest IM3. It
should also be noted that the "best position" is not at zero
reflection.
ACEPR and NMSE for model order determination are
shown for one reflection case, =0, in Fig. 6. The ACEPR
shows no improvement for higher model orders than PH(9,3)
whereas NMSE indicates PH(5,1). Since ACEPR is the error
criteria of interest the model order is chosen as PH(9,3).
The significant decrease in ACEPR with increasing
memory together with the lack of improvement in NMSE
indicates large nonlinear memory effects. In Fig. 6 Only one
reflection case is shown but the results are analogous for all
the studied reflections for this particular set of PA and model
structure.

Fig. 4 Outline of the baseband IQ sampling system for baseband model
extraction.
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Fig. 5 Impedance control circuitry for the model extraction system replacing
the DUT in Fig. 4.

To reduce the impact of imperfections in the measurement
system both the input and the output signals are measured.
These two signals are synchronized using a sub-sample
synchronization technique [7]. The data is then used to extract
a PH-model using the linear least-squares method.
The model extraction process assumes constant gain and
linear phase in the measurement system. For this reason the
in-band attenuation of the impedance tuning circuitry, ΔG(ω),
was measured. It was found to be within 0.1 dB in the band
(0.2 dB over the double bandwidth). The in-band linear phase
shift due to the added delay, τ, is considered in the system
calibration process.
An investigation of the gain variations and deviation from
linear phase of the impedance tuning circuitry was done by
comparing the input signal measured directly from the VSG to
the VSA, to the same signal passing through the circuitry of
Fig. 5. The deviation is measured as the vector sum square
error of the reference input signal without tuning circuitry and
the signal using the tuner to present varying loads. The value
is normalized by the total measured power.
The worst performance was about -53 dB in-band. It should
be noted that the best extracted PH-model has a NMSE of -40
dB, 13 dB worse than the tuning circuitry induced variation.
Thus the influence of the tuning circuitry can be considered to
be negligible for the present model. It must be noted that this
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Fig. 6 The evaluation criteria ACEPR and NMSE for model order selection
are shown as functions of different model orders for the case of no reflections.

To illustrate the system variation when varying the load,
the modelled output from a reference model identified in the
case of no reflections, is compared to the measured output
signal. The comparison is done using the evaluation criteria
ACEPR and NMSE. These results are shown as functions of
the reflection coefficient magnitude in Figs. 7 and 8 for
ACEPR respectively NMSE.
Recalling from earlier that for all reflections it was possible
to identify PH(9,3) models with ACEPR below -60 dB, a
deterioration of the modeling performance with as much as 7
dB is seen for the reflection Γ =0.30∠ − 178D . The larger
degradation of modelling performance measured as ACEPR
compared to NMSE could indicate that the memory effects of

3

the nonlinearities are more affected by the mismatch than the
linear memory.

Deterioration in the performance of the DPD computed
using the reference model for zero reflection is shown as
contours on the Smith-Chart in Fig. 9. The improvement in
ACLR using DPD is taken down from the best improvement
of 18 dB to, in the worst case, less than 7 dB improvement.

-53
-54

VI. CONCLUSIONS
A wideband low-power PA exhibiting nonlinear behaviour
and memory effects, was investigated with respect to
behavioural model performance sensitivity to load mismatch.
The used parallel Hammerstein model showed large
performance variations that are possible to correlate to
mismatch regions with large gain variations. These results
show the sensitivity of behavioral modeling to load mismatch.
In general, higher reflections increase the spread in the
model performance but a worst case angle was detected along
the largest gradient of gain reduction. The impact of the large
parameter variation showed a deterioration of DPD
improvement in ACLR from 18 dB to less than 7 dB. Even
moderate reflections with Γ<0.2 shows a deterioration in DPD
performance of 9 dB measured as ACLR. These findings
indicate that system mismatch is an important parameter and
has to be considered in DPD.
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Fig. 7 The ACEPR is shown as function of the magnitude of the reflection
coefficient when comparing the measured output of the PA to the modelled
output from the reference model at zero reflection. Each symbol represents
one tuner position.
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