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Abstract— In modern communication systems advanced
techniques such as digital predistortion (DPD) are required
to satisfy stringent demands on transmitter linearity and effi-
ciency. DPD, however, increases the hardware and computational
complexity of transmitters. In this article we show that the
computational complexity of DPD adaptation can be drastically
reduced if a low number of samples is properly selected for DPD
adaptation. For this purpose we propose methods of sample
selection for DPD adaptation. Among the proposed methods,
the highest computational complexity reduction is achieved by a
method based on the histogram of signal magnitudes, optimised
with respect to characteristics of the radio frequency power
amplifier and of the transmitted signal. Simulations indicate
that this proposed method can reduce the computational com-
plexity of DPD adaptation by a factor of up to 400 while the
linearisation performance of conventional methods is preserved.
Besides simulations for three models of distinct power amplifiers,
measurements on a real power amplifier further verify the
linearisation capabilities of the proposed methods.

Index Terms— Power amplifier linearisation, digital
predistortion, low complexity adaptation, histogram-based
sample selection, sample subset reduction, direct learning
architecture.

I. INTRODUCTION

MODERN communication systems provide ever-
increasing data throughput, putting stringent demands

on transmitters and receivers, especially on hardware
imperfections. In the currently developed fifth generation
(5G) systems, one of the main issues is the linearity of radio
frequency (RF) power amplifiers (PA) in transmitters [1].
A widely used technique to improve transmitter linearity
is digital predistortion (DPD). DPD introduces an artificial
nonlinearity with complementary characteristics to cancel the
PA nonlinearity.
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Fig. 1. Linearisation of an RF PA with the DPD using an optional sample
selection method. In the direct path, there are digital to analogue converters
(DAC) accompanied by reconstruction lowpass filters (LPF) with bandwidth
1.5B , where B is the desired channel bandwidth. In the feedback, there
are LPFs with bandwidth > 1.5B to limit the noise bandwidth, optional
sample and hold (SH) circuits and ADCs. Note that the resulting bandwidth
of the forward and feedback paths is 3B due to IQ sampling. Although
the depicted S/H circuits as discrete components are one possible approach,
a more practical implementation would employ ADCs with integrated S/H
circuits and with periodic and equidistant sampling, performing a sample
selection from a sample buffer in the digital domain.

The required characterisation of PA nonlinearity is achieved
by using a feedback from the PA output. Knowing the desired
output and the actual output, one can induce a correction
term which cancels out the PA error. The block diagram
of a transmitter linearised by DPD is depicted in Fig. 1.
In comparison to a transmitter without DPD, there are sev-
eral additional components in the feedback path. The two
analogue-to-digital converters (ADC) sampling in-phase and
quadrature (IQ) signals are the most power hungry of them.
Researchers often attempt to reduce the complexity of the
DPD-enabled hardware realisation. One possible approach is
the sampling of the in-phase signal, also called real-valued
feedback, as presented in [2], [3].

Another approach to relaxing the feedback requirements
is to sample the feedback signals with low sample rate
ADCs making the feedback signals undersampled. This topic
has been studied by Liu et al. in [4], by Zhang and Feng
in [5], and by Wang et al. in [6]. In [7] the authors
first trained a PA forward model and then applied it for
DPD adaptation by a standard indirect learning architecture
(ILA) [8]. An improved version of DPD with undersampled
feedback was presented in [9]–[11], where the authors utilised
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a direct learning architecture (DLA) [8] to avoid the calcu-
lation of the PA forward model. Zhang et al. in [12] and
Guan et al. in [13] combined real-valued feedback and under-
sampled feedback methods and presented DPD adaptation with
a single undersampling ADC. Hammler et al. in [14] chose a
different approach and proposed DPD with a special feedback
sampling in the frequency domain which allowed them to
reduce the acquisition bandwidth, sample rate, and required
number of processed samples.

Along with the effort to relax the demands on hardware,
there is also an objective to decrease computational complexity
of DPD adaptation [15]–[17]. Benedict and Honcharenko in
[18], [19] showed a general idea for DPD adaptation by a
subset of selected samples based on the probability distribution
functions of the signals used. In a different manner, the prob-
ability distribution functions were used for DPD adaptation
in [20], where the authors transformed the distribution function
of the input into the distribution function of the output to iden-
tify the PA model. In [21] the authors introduced a method for
model-order reduction based on principal component analysis
theory, and a mesh-selecting method for reducing the number
of required equations. Wang et al. in [22] proposed a selection
of compressed training data for the extracting an RF PA
behavioural model. They selected samples of signal magni-
tudes constituting a scaled histogram with similar statistical
properties. In their work, however, they did not consider the
PA characteristics.

In this paper, we propose methods for the selection of
samples for DPD adaptation allowing computational com-
plexity reduction: a method based on the identification of
important samples using QR decomposition [23], a gradient-
based sampling method [24], and two histogram-based meth-
ods. The first histogram method equalises the histogram of
signal magnitudes to ensure evenly sampled PA characteristics
while the second one optimises a histogram optimised by
a genetic algorithm, which respects both the transmitted signal
statistical properties and the specific PA characteristics. All
these methods are analysed with respect to a conventional
DPD and a simple undersampling method [10], [11], [13].
Moreover, we provide a detailed analysis of the computational
complexity of these methods and show how significantly some
of them can reduce the required computational resources. The
performance of the proposed sample selection methods is
shown in simulations and eventually verified by measurements.

The main contributions of this paper are

• proposal of methods for sample selection for DPD adap-
tation compatible with the conventional DPD-enabled
transmitter architectures, especially the histogram-based
method with the histogram optimised by a genetic algo-
rithm, which highly reduces the computational complex-
ity while preserving the linearisation capabilities,

• comparison of the computational complexity of proposed
methods,

• availability of all MATLAB source codes1 for reproduc-
ing the simulation results.

1www.github.com/jankralx/dpd_sample_selection

The rest of the paper is organised as follows. We introduce
the theory behind the sample selection for DPD adaptation in
Sec. II. Sample selection methods are proposed and discussed
in Sec. III. We show how the proposed sample selection meth-
ods reduce the computational and hardware resources needed
for DPD adaptation in Sec. IV and Sec. IV-D. Finally, simu-
lations are described in Sec. V and measurements in Sec. VI.

II. DPD ADAPTATION WITH UNDERSAMPLED FEEDBACK

A. PA Model Identification With Undersampled Feedback

For easier understanding we first present the key principle
of our methods on the example of the identification of the
PA model, and later we extend the same principle to the
identification of the DPD model. The identification of the PA
model is closely related to DPD and is a first step in some
linearisation methods [25], [26].

Let us assume that DPD is modelled by a baseband memory
polynomial (MP) model [27]. We have chosen the MP model
for its formal simplicity, but the following concepts can be
fully evolved for any model which is linear in its unknown
parameters, e.g. all models derived from full Volterra series
such as Generalized Memory Polynomial (GMP) model [28],
the simplified 2nd-order dynamic deviation reduction model
(DDR2) Volterra series [29], etc.

The discrete baseband output sample y(n) of the PA model
is given as [27]

y(n) =
K∑

k=1

Q∑
q=0

bk,q x(n − q)|x(n − q)|k−1, (1)

where n is the sample index, x is the PA input, bk,q is a coef-
ficient of the PA model, and K and Q represent the maximum
model nonlinearity order and memory length respectively.
The product x(n − q)|x(n − q)|k−1 is often called the basis
waveform, the basis function, or a kernel. We denote it as

φ
(x)
k,q (n) = x(n − q)|x(n − q)|k−1. (2)

To identify the coefficients bk,q of the PA model, con-
ventional methods construct a system of equations taking
consecutive input and output samples of the PA and insert
them into (1). Here we would like to point out that it is not
necessary to take consecutive samples of the PA output y(n)
to solve the model coefficients bk,q , we can rather take the
PA output on the left hand side of (1) with arbitrary sample
indices ni ∈ N; i ∈ {1, 2, . . . , N} that satisfy the condition
ni �= nκ ; ∀i, κ : i �= κ . The constructed equation system
can be expressed in the matrix form by arranging the output
samples, model coefficients and basis functions into vectors,
i.e.

φ
(x)
k,q =

[
φ

(x)
k,q (n1) φ

(x)
k,q(n2) . . . φ

(x)
k,q(nN )

]T
,

y = [
y(n1) y(n2) . . . y(nN )

]T
,

b = [
b1,0 b1,1 . . . b1,Q b2,0 . . . bK ,Q

]T
,

Ux =
[
φ

(x)
1,0 φ

(x)
1,1 . . . φ

(x)
1,Q φ

(x)
2,0 . . . φ

(x)
K ,Q

]
,
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where b is a column vector with P = K (Q + 1) rows, and
the size of the matrix Ux is N × P . The equation system is
then expressed as

y = Ux b. (3)

By solving (3) we obtain the model coefficients b and hence
identify the PA model. Typically we choose N � P to
sufficiently sample the whole characteristics of the PA with
diverse signal samples, and to mitigate the influence of noise
and other imperfections of a real system. The solution is
usually given as a projection of b into the column space of
Ux , in other words it is the least squares (LS) solution which
minimises the difference between the observed PA output and
the model output

b = (UH
x Ux )

−1UH
x y. (4)

We can imagine the above procedure such that we first
take consecutive samples of the PA output, build a conven-
tional overdetermined equation system and before solving it,
we leave out some arbitrary rows from the matrix Ux and
the equivalent samples from the vector y. We would like to
emphasise that the reduction of the equation system preserves
the memory modelling, because (1) is still fully valid. Please
notice that only the PA output y(n), left hand side of the
system in (3), can be arbitrarily undersampled. The PA input
x(n) has to be known, in order to cover at least the memory
modelling of the PA to build the matrix Ux .

Hereinafter the described method is referred to as the sample
selection method (SSM). In the following sections we show
some possible ways of employing SSM for DPD identification.

B. Direct Learning Architecture

DLA [8] is an iterative method which directly solves
G(B(z)) = y with G being a transfer function of PA and
B a transfer function of DPD. The solution B(z) = G−1(y)
is a nonlinear problem and can be solved by the damped
Newton’s method, which can be defined for DPD as [30]

b′(m + 1) = b′(m) − μe(m), (5)

where m is the iteration index, b′(m) and b′(m + 1) are DPD
coefficients in the m-th and (m + 1)-th iteration, μ is the
iteration step size, and e(m) is the coefficients error vector for
the m-th iteration. It has the same dimensions as the coefficient
vector b′ and is given as the LS solution of

� = Uze, (6)

where � = z − y and z is the desired scaled PA output and
the DPD input.

We assume that (6) is originally overdetermined, therefore
we can omit arbitrary rows of the matrix Uz and the equivalent
samples of the vector �, in the same way as in Sec. II-A. They
can be denoted as

z = [
z(n1) z(n2) . . . z(nN )

]T
,

Uz =
[
φ

(z)
1,0 φ

(z)
1,1 . . . φ

(z)
1,Q φ

(z)
2,0 . . . φ

(z)
K ,Q

]
.

Fig. 2. Block diagram of the transmitter with a baseband PA model linearised
by DPD with DLA. The PA output is sampled by the sample-and-hold circuit
(SH) at times driven by SSM based on the PA input samples x .

The notation of the final solution of (5) using SSM does
not differ from the conventional DLA [8]

b′(m + 1) = b′(m) − μ(UH
z Uz)

−1UH
z (z − y). (7)

The block diagram of DLA is depicted in Fig. 2. Please
notice that SSM allows arbitrary undersampling of only the
PA output y. The PA output is required to be sampled
with a sufficient bandwidth, which is required for all the
undersampling methods [10], [11], [13]. The desired scaled
PA output z has to be sufficiently known to construct the
matrix Uz . This usually does not represent any complication
as the desired scaled PA output is also the DPD input.

Although there are options how to employ SSMs with ILA,
in this paper we focus our analysis and findings only on DLA,
because we find DLA more efficient and usable than ILA-
based methods, despite its disadvantages such as the initial
solution, stability issues, etc.

III. SAMPLE SELECTION METHODS

The best DPD adaptation can be achieved if the observation
errors of the input and output are uncorrelated [15]. However,
the adjacent samples used by the conventional DPD are not
independent and therefore the observation errors are corre-
lated. To minimise the observation errors, the LS estimator
requires a high number of samples N , usually N > 1000 [15].
For a small N , using subsequent samples causes the system of
equations to be ill-conditioned. Furthermore, a limited number
of subsequent samples cannot cover the statistical properties
of the transmitted signal.

We show that the proposed SSM does not suffer from
the mentioned drawbacks for small N if the samples
n1, n2, . . . , nN are selected carefully. The problem for the
sample selection method can be defined as the selection of
N samples from all samples which were acquired by the
feedback ADCs. The number of all acquired samples is N0
and corresponds to the acquisition time and hence to the
required update rate of DPD coefficients. The number of
selected samples is naturally limited by the condition N < N0.

A. Undersampling

One possible approach to SSM is simple undersampling
of the feedback. It can bee seen as untargeted sample selec-
tion and henceforth it is referred to as undersampling-based
sample selection (US). Similar approaches were presented
in [10], [11], [13]. Although this method is very simple
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and does not consider the statistics of the transmitted signal,
it can improve the conditioning of the equation system, as it
takes distant samples which have the potential to be more
independent. Therefore this simple approach can be sufficient
for less demanding applications.

B. Sample Selection Based on QR Decomposition

The problem of selecting the samples n1, n2, . . . , nN for
the calculation of new DPD coefficients can be solved ana-
lytically using QR decomposition with column pivoting [23],
henceforth referred to as QR-based sample selection (QRS).
First we construct the matrix Uz using all the samples from
the feedback. Afterwards we perform the QR decomposition
with column pivoting of the transposed matrix Uz , which is
defined as

UT
z E = QR, (8)

where R is an N0×P upper triangular matrix; Q is an N0 × N0
unitary matrix; and E is an N0 × N0 permutation matrix.
The first N columns of the permutation matrix identify the N
most important rows of matrix Uz for the solution of new DPD
coefficients. Formally, we can write that the sample indexes
of selected samples are given as

[
n1, n2, . . . , nN

] = [
1, 2, . . . , N0

]
E1:N , (9)

where E1:N is a submatrix of matrix E consisting of its first
N columns.

A drawback of this method is that it improves the condition-
ing of the pseudoinverse of matrix Uz , but this does not guar-
antee improving the DPD linearisation performance, because
this method does neither respect vector � in the calculation
of the DPD coefficients in (7) nor the PA characteristics.

Moreover, the practical usability of this method for real-time
DPD adaptation is limited, because it requires performing the
QR decomposition of the full matrix U, which in principle
already solves the solution using all feedback samples. Poten-
tial usage is limited to cases where a fast QR decomposition
with low precision [31] is applied to identify a small number
of important samples and thus requires fewer computation
resources, and high precision calculation is performed by only
the selected samples.

C. Gradient Sampling

Another method for sample selection can be the gradient-
based sampling (GS) [24], henceforth referred to as GS-based
sample selection (GSS). GS is a representative of the methods
for solving large sample size least squares problems. For DLA,
we calculate the gradient values gi for all rows of matrix Uz

and all samples of vector � [24]

gi = ||ui (�i − ui e0)||, (10)

where ||.|| is the l2-norm, ui is the i -th row of matrix Uz , �i is
the i -th element of vector �, and e0 is a given pilot estimate
(good guess) for solving the coefficient error vector e. Since
e is ideally a zero vector in the converged state, we set e0

as a zero vector and thus we can simplify the calculation of
gradient values to

gi = ||ui�i ||. (11)

The probability that the i -th feedback sample and the equiva-
lent row of matrix Uz are taken into calculation of the DPD
adaptation in (7) is calculated as [24]

pi = Ngi

N0∑
i=1

gi

. (12)

Based on the calculated probabilities, N samples
n1, n2, . . . , nN are selected for the calculation of new
DPD coefficients.

D. Histogram-Based SSMs

Even though both QRS and GSS are analytically based, they
do not consider a priori knowledge of the PA characteristics
nor signal statistics. To surpass this disadvantage, we propose
an SSM based on the histogram of signal magnitudes of the
PA input x . Let us make the following notations: J is the
number of histogram bins, the target bin counts are denoted
d j with j ∈ 1, 2, . . . , J , the lower and upper bin boundaries
are θ j−1 and θ j respectively (Fig. 3), D j is a set of selected
indices ni whose samples belong to the j -th bin, defined as

D j = {ni : θ j−1 < |x(ni )| < θ j }, (13)

and D j is the cardinality, the number of elements, of set D j .
Samples for DPD adaptation are selected randomly such that

the j -th histogram bin count reaches the target bin count d j ,

i.e. cardinality D j is equal to d j . At the same time, samples
should be selected such that they are distant in time and hence
the matrix conditioning is improved. Formally, the selected
indices need to satisfy the condition

|ni − nκ | > γ ; ∀i, κ : i �= κ, (14)

where γ is the minimum sample time distance and is set such
that it ensures the independence of selected samples.

Even though the papers [21], [22] have proposed histogram
methods with a slightly different usage, the condition of
a minimum sample distance expressed by (14) has not, to the
authors’ best knowledge, been proposed for the histogram-
based sample selection methods.

Evenly Distributed Histogram (EDH) is a possible setting
for histogram-based sampling. If N is divisible by J , all target
bin counts are set to the same constant d j = N

J , otherwise they
are selected randomly from the values d j ∈ {� N

J �; � N
J � + 1}

such as
∑

d j = N . The motivation for making the histogram
evenly distributed is to cover the whole amplitude/amplitude
(AM/AM) characteristics of PA, as shown in Fig. 3. Unfortu-
nately, this simple approach of setting target bin counts does
not respect either the shape of the AM/AM characteristics of
the used PA nor statistical properties of the transmitted signal
(Fig. 3) which results into a DPD model with the similar mod-
elling capabilities in all regions of AM/AM characteristics,
even those not frequently utilised due to high peak-to-average
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Fig. 3. Principle of the sample selection by EDH with J = 10 related
to the probability density function (pdf) of signal magnitude and AM/AM
characteristics of the PA. The depicted N = 30 selected samples are evenly
distributed over the whole AM/AM characteristics of the PA, irrespective of
the signal statistics nor the shape of AM/AM characteristics.

power ratio (PAPR) of the transmitted signal. In other words,
if we consider a limited number of points for DPD adaptation,
selecting points from regions that are highly nonlinear and
with high signal probability provide more information for the
DPD adaptation than selecting points from linear regions and
low signal probability.

Genetically Optimised Histogram (GOH) is proposed to
suppress EDH imperfections. An optimised histogram can
respect the AM/AM characteristics of the PA and the statistics
of the transmitted signal, as depicted in Fig. 4. We show that
it is possible to set the target bin counts such that a chosen
criterion is optimised. In general, the histogram bin counts
should be set such that GOH selects samples from regions with
a strong nonlinearity and a high signal amplitude probability.

In this paper, we optimise target histogram bin counts by
the genetic algorithm [32] to minimise the normalised mean
square error (NMSE) of the PA output with respect to the
desired output. We assume that the histogram is optimised
once for a specific type of PA and the transmit signals, just
to set the target bin counts which are afterwards applied for
DPD adaptation. Therefore, the higher computational cost of
optimisation calculation can be neglected, although it may take
several hours to optimise the histogram. Therefore, the optimi-
sation is most likely unfeasible in real time in a transmitter, and
we consider precalculated histograms only. However, we have
not aimed to make the optimisation faster, which might be a
topic for future research.

The application of GOH can be limited in cases of changing
working conditions. The PA characteristics vary due to temper-
ature changes and ageing. However, based on our experience,
temperature variations cause mainly changes of the PA gain
and only small differences of the shape of the AM/AM
characteristics (usually within 10 %). A small margin in the
number of selected samples N ensures a GOH insensitivity to
these small changes. However, an extensive analysis have to
be always done for a specific application.

Another potential limitation arises when the communication
system employs signals with significantly changing statistics

Fig. 4. Principle of the sample selection by GOH with J = 10 related
to the probability density function (pdf) of signal magnitude and AM/AM
characteristics of the PA. The depicted N = 30 selected samples are placed
in regions with strong nonlinearity and/or high signal probability.

of the signal magnitudes. If a single precalculated histogram
does not lead to sufficient linearisation performance, then we
suggest to optimise the histogram for all different types of the
signals and to apply the corresponding precalculated histogram
in hardware.

In both cases, it is always possible to apply EDH which does
not require the histogram optimisation. The simulations with
results in Sec. V-G show that EDH requires an only slightly
increased number of selected samples N or provides a little
worse linearisation performance in comparison to GOH. GOH
and EDH are further discussed in Sec. V-E and Sec. V-F.

IV. REDUCTION OF COMPUTATIONAL COMPLEXITY

OF DPD ADAPTATION

A small number of properly selected samples N signifi-
cantly reduces the computational complexity of DPD adap-
tation. We evaluate the computational complexity of DPD
adaptation with P coefficients and N samples with respect to
the required number of real-valued multiplications O⊗(N, P)
and real-valued additions O⊕(N, P). The following analysis
does not include any optimisation and does not exploit the
properties of the PA model, and the presented numbers of
required multiplications and additions can therefore be seen
as the upper bounds. We assume that a single complex mul-
tiplication requires four real-valued multiplications and three
real-valued additions; a single complex addition requires two
real-valued additions.

We split the analysis into three parts: calculation of the
DPD model represented by the matrix Uz , calculation of
the coefficient error vector e, and the coefficients update.
The calculation of Uz for the MP model in (1) requires
OU⊗(N, P) real-valued multiplications and none of the real-
valued additions. Assuming that the calculation of φ

(x)
k,q (n)

is reused for the calculation of φ
(x)
k+1,q (n), the number of

multiplications can be expressed as

OU⊗(N, P) ≈ 2N P. (15)

The calculation of coefficient error vector e in (7) requires
Oe⊗̂(N, P) complex multiplications: 1

2 N P(P + 1) for the
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UH
z Uz matrix multiplication because the resulting matrix is of

size P×P and is symmetrical, OI ⊗̂(P) ≈ P3 for the inversion
of the symmetrical P × P complex matrix (UH

z Uz), N P for
(UH

z (z − y)), and P2 for the multiplication of the matrix
inverse (UH

z Uz)
−1 and the vector UH

z (z − y). The calculation
of coefficient correction e in (7) requires Oe⊕̂(N, P) complex
additions: 1

2 (N−1)P(P+1) additions for (UH
z Uz) calculation,

OI ⊕̂(P) ≈ P3 additions for the inversion of the symmetrical
P × P complex matrix, N additions for subtraction (z − y),
(N − 1)P for UH

z (z − y), and (P − 1)P additions for the
multiplication of the matrix inverse (UH

z Uz)
−1 and the vector

(UH
z (z − y)). Complexity can be expressed as

Oe⊗̂(N, P) ≈ 1

2
N P(P + 3) + P2 + P3, (16)

Oe⊕̂(N, P) ≈ 1

2
(N − 1)P(P + 3)

+ P3 + N + (P − 1)P. (17)

The calculation of a single DLA iteration in (5) additionally
requires 2P real-valued multiplications and additions. The
total number of real-valued multiplications and additions can
therefore be estimated as

O⊗(N, P) = OU⊗(N, P) + 4Oe⊗̂(N, P) + 2P

≈ 2N P(P + 4) + 4P2 + 4P3 + 2P, (18)

O⊕(N, P) = 2Oe⊕̂(N, P) + 3Oe⊗̂(N, P) + 2P

≈
(

5

2
N P − P

)
(P+3)+5P2+5P3+2N. (19)

A. Additional Complexity of Histogram-Based SSMs

In terms of resources histogram-based SSMs are very sim-
ple, because they only require storing and incrementing the
actual bin counts to select the samples. Hence additional com-
putational resources required by these methods are negligible.

B. Additional Complexity of GSS

GSS additionally requires calculating the matrix Uz for all
No samples which requires OU⊗(N0 − N, P) ≈ 2(N0 − N)P
real-valued multiplications for the MP model. In (11) the
calculation of ui�i needs P complex multiplications while
the calculation of the l2-norm of a complex vector needs 5P
real-valued multiplications and 4P − 1 real-valued additions,
and this equation needs to be calculated N0 times. Additional
computational complexity to implement GSS is therefore

OGS⊗ (N, P, N0) ≈ 11N0 P − 2N P, (20)

OGS⊕ (N, P, N0) ≈ N0(7P + 1). (21)

C. Additional Complexity of QRS

QRS also requires calculating the matrix Uz for all No

samples and QR decomposition requires 33N0 + 1 complex
multiplications and 8N0 complex additions [31]. Additional
computational complexity to implement QRS is therefore

O Q R
⊗ (N, P, N0) ≈ 132N0 + 2(N0 − N)P + 4, (22)

O Q R
⊕ (N, P, N0) ≈ 107N0 + 3. (23)

TABLE I

COMPARISON OF COMPUTATIONAL COMPLEXITY

D. Comparison of SSMs Complexity

In Table I we provide a comparison of computational
complexity for the above SSMs in terms of the number of
real-valued multiplications and additions. In all cases there
are N0 = 20 000 samples collected from the feedback. The
complexity is evaluated for the MP model with K = 7, and
Q = 1 which leads to P = 14 DPD coefficients. We can
conclude that QRS is computationally the most demanding
as it basically performs the inversion of a large matrix Uz

constructed from all N0 samples. The least complex methods
are histogram-based SSMs whose complexity is the same as
for conventional DPD adaptation using a block of continuous
feedback samples. However, the conventional methods provide
poor linearisation capabilities for a small number of samples
N as shown in the rest of the paper. Note that for the same
number of selected samples N , QRS and GSS are of higher
computational complexity than the conventional DPD. The
computational complexity is reduced as QRS and GSS require
lower N .

Although we have neglected memory requirements in our
analysis, please note that QRS and GSS require much more
memory to store the whole N0 × P matrix Uz and the N0 × 1
vector � than histogram-based SSMs, which only need to store
the reduced N × P matrix Uz and the N × 1 vector �.

E. Reduction of Hardware Resources

Since SSM allows undersampling the PA output, it allows
for ADCs with decreased sampling frequency in the feedback.
However, the ADC analogue input bandwidth and the speed of
ADC sample-and-hold circuit have to be sufficient to cover the
desired signal bandwidth plus close intermodulation products.
In common state of the art, it is required that the feedback path
bandwidth be three to five times the desired channel band-
width [33], [34]. ADCs with high analogue input bandwidth
are commonly employed in current communications systems
either for Sub-Nyquist sampling or in interleaved ADCs.

The main advantages of the decreased sampling frequency
of the feedback ADCs are the lower power consumption,
the decreased system complexity, and the price. We present
these parameters on the example transmitter from Fig. 1.
We consider two cases: in one case the conventional DPD and
in the other case an undersampled ADC in the feedback. The
communication signal bandwidth was chosen to be 300 MHz,
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TABLE II

COMPARISON OF SYSTEM PARAMETERS

which implies a required feedback bandwidth of at least
900 MHz. The conventional DPD requires two ADCs with
the sampling frequency FS ≥ 900MSps. DPD with SSM
requires two ADCs for IQ sampling with the input bandwidth
Bin ≥ 450 MHz and arbitrary FS. For this example we
have selected ADCs AD9690 with FS = 1 GSps for the
conventional DPD and AD9629 with Bin = 700 MHz and
FS = 20 MSps for DPD with SSM, both labelled as low
power ADCs. Table II gives a comparison of a transmitter with
the conventional DPD and a transmitter with the undersampled
feedback allowed by the proposed SSM. The values were
taken from ADC data sheets [35], [36]. The comparison of
system parameters in Table II does not include the power
consumption and price of auxiliary components, e.g., clock
generators, buffers, filters, etc.

V. SIMULATIONS

We simulate the DPD performance with the proposed SSM
described in Sec. III. Additionally, all simulations include the
conventional DPD without SSM as a reference. For all meth-
ods, DLA has been used. Since it is iterative, each simulation
run consists of M = 80 iterations. At the beginning of the
m-th iteration the transmit signal z is generated with random
data symbols and used for all simulated SSMs. Afterwards in
the m-th iteration, the following steps bound to the specific
SSM are executed:

1) signal z is predistorted using coefficients b′(m) to obtain
the PA input x,

2) signal x is sent through the PA model to get the PA
output y,

3) new DPD coefficients b′(m + 1) are calculated,
4) the linearisation performance metrics are evaluated.

For the first iteration, the DPD coefficients b′(0) are set to
[0.5, 0, . . . , 0]T . The step size parameter μ was set to 0.1 as
a decent trade-off between the convergence probability and the
convergence speed. The whole process is repeated 1000 times
to evaluate the 95% confidence intervals of the results.

A. PA Model for Simulations

In simulations we employ the PA model based on GMP [28].
We have chosen GMP, because it can be sufficiently complex
to accurately model the state-of-the-art PAs. Moreover, for
realistic simulation results it is necessary to apply the PA
model of higher complexity than the DPD model. GMP is

defined as [28]

y(n) =
∑

k∈Ka

∑
l∈La

b0,k,l x(n − l)|x(n − l)|k

+
∑

k∈Kb

∑
l∈Lb

∑
m∈Mb

b1,k,l,m x(n − l)|x(n − l − m)|k

+
∑
k∈Kc

∑
l∈Lc

∑
m∈Mc

b2,k,l,m x(n−l)|x(n−l+m)|k, (24)

where b0,k,l , b1,k,l,m , and b2,k,l,m are the PA model coeffi-
cients; Ka and La are the index arrays for aligned signal
and envelope; Kb, Lb and Mb are the index arrays for signal
and lagging envelope; and Kc, Lc and Mc are index arrays
for signal and leading envelope. We include models of the
following PAs in our simulations:
PA1: Two-stage PA in class AB designed for SATCOM appli-

cations at 1625 MHz, with monolithic PA GALI-24+
from Mini-Circuits in the first stage and the GaN SiC
HEMT transistor TGF2965 from Qorvo in the second
stage. The first stage power supply voltage was set to 8 V,
the second stage power supply voltage was set to 32 V,
and the gate voltage was set to ensure that the drain
quiescent current was 20 mA. The total gain of both
stages is approximately 30 dB.

PA2: Class-F power amplifier designed for SATCOM appli-
cations at 1625 MHz, with output power P3dB =
43 dBm, based on the GaN SiC HEMT transistor
T2G6003028 from Qorvo. The PA gain is approximately
12 dB, the power supply voltage 28 V, the gate voltage
−3.03 V. Together with this PA, the 5-W amplifier
Minicircuits ZHL-5W-2G-S+ was used as a predriver.

PA3: Block amplifier ADL5610.
All PA models were extracted from measurements at a centre
frequency of 1600 MHz, excited by a test signal with the
bandwidth B ≈ 6 MHz, further described in Sec. V-C. Index
arrays of PA models were set to ensure sufficient fidelity
of the models. The particular indexes were set to Ka =
{0, 1, 2, 3, 4, 5}, La = {0, 1, 2, 3}, Kb = {2, 4}, Lb = {0},
Mb = {1}, Kc = {2, 4}, Lc = {0}, Mc = {1}. The PA model
coefficients can be found in the source codes provided.

B. DPD Model

As a model of digital predistorter we have chosen the
DDR2 model [29], because the simple MP model did not
achieve sufficient linearisation results for the tested amplifiers.
DDR2 is defined as [29]

x(n) =
K−1

2∑
k=0

Q∑
q=0

b′
0,k,q |z(n)|2kz(n − q)

+
K−1

2∑
k=1

Q∑
q=1

b′
1,k,q |z(n)|2(k−1)z2(n)z∗(n − q)

+
K−1

2∑
k=1

Q∑
q=1

b′
2,k,q |z(n)|2(k−1)z(n)|z(n − q)|2

+
K−1

2∑
k=1

Q∑
q=1

b′
3,k,q |z(n)|2(k−1)z∗(n)z2(n − q), (25)
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where b′
0,k,q , b′

1,k,q , b′
2,k,q , b′

3,k,q are the DPD coefficients. For
the following simulations, we have chosen the DPD order to
be K = 7 and Q = 1, which yields P = 17 DPD coefficients.

C. Test Signal

We have chosen the filtered orthogonal frequency-division
multiplexing (F-OFDM) signal waveform with the 64-state
quadrature amplitude modulation (64-QAM) as the internal
modulation to demonstrate the linearisation capabilities of the
proposed SSM for DPD adaptation. The filter for F-OFDM has
been designed as proposed in [37], [38]. The filter coefficients
fB(u) are given as

fB(u) = pB(u) w(u)∑
n

pB(u) w(u)
, (26)

where pB(u) is the sinc function and w(u) is the window
function. The sinc function is defined as

pB(u) = sinc
(
(W + 2 �W )

u

Z

)
, (27)

where Z is the FFT size, W is the number of assigned data
subcarriers, and �W is the tone-offset, where 2�W is the
difference between the desired passband and the designed sinc
filter passband [38]. The window function is defined as

w(u) =
(

0.5

(
1 + cos

(
2πu

L − 1

)))0.6

, (28)

where −� L
2 � ≤ u ≤ � L

2 � and L is the number of filter taps.
In each iteration, we generate the F-OFDM signal with

12 frames, each frame with 68 resource blocks with a block
size of 12 subcarriers, resulting in W = 12 · 68 = 816. The
FFT size is set to Z = 4096 and the filter length is L = 2049.
The sampling frequency is limited by the measurement setup
and is set to FS = 30 MHz. These parameters provide the test
signal vector with the channel bandwidth B ≈ FS/5 ≈ 6 MHz
and N0 = 52 064 samples. The signal mean power was set
constant during the DPD adaptation such that the mean PA
output power over the last 20 iterations is equal for all the
methods.

D. Linearisation Performance Metrics

The linearisation performance is qualified based on NMSE
between the desired signal z and the actual scaled PA output y,
the error vector magnitude (EVM) between the demodulated
data symbols srx and transmitted data symbols stx, and adjacent
channel power ratio (ACPR) in the first adjacent channels. We
use following definitions for these metrics

NMSE(dB) = 10 log10

∑
n

|y(n) − z(n)|2
∑
n

|z(n)|2 , (29)

EVM(%) =
∑
n

|srx(n) − stx(n)|2
∑
n

|stx(n)|2 · 100%, (30)

ACPR(dB) = 10 log10
Pladj + Pradj

2Pmain
, (31)

Fig. 5. Simulated influence of the number of histogram bins on achievable
NMSE using DPD with EDH and N = 30.

where Pmain is the power in the main channel, and Pladj, Pradj
are the powers in the left and right adjacent channels respec-
tively. The adjacent channels are of width B and frequency
offset 1.1 B .

Hereinafter presented metrics are averaged over the last
20 iteration cycles to suppress the influence of different
realisations of the transmitted signal.

E. Settings Specific to Histogram-Based Methods

We have set the number J of histogram bins for EDH
and GOH based on the simulation presented in Fig. 5, where
we have analysed the influence of the number of bins on
achievable NMSE, using DPD with EDH. We can see that
for DPD adaptation the sufficient number of histogram bins J
is 5. We set J = 10 to ensure a sufficient margin, as we expect
a very low computational resource allocation for histogram-
based SSMs.

F. Histogram Optimisation by Genetic Algorithm

We have optimised histogram target bin counts d j by the
genetic algorithm [32] for each simulated number of selected
samples N . Optimised bin counts are integers from the interval
[0, N] and need to fulfil the condition

∑
d j = N . We have

set the optimisation parameters as follows: the population
size 100, the maximum number of generations 20, the popu-
lation fraction at the next generation created by crossover 0.8,
the probability of mutation 1%. We have defined the objective
function as an average of the NMSE results over 10 runs.
Each run consists of 80 iterations and the NMSE results for
averaging are taken only from the last 20 iterations.

G. Simulation Results

Hereinafter we present detailed simulation results for the
model PA1 in Fig. 6, Fig. 7, and Fig. 8. The simulation results
for the other models, PA2 and PA3, are provided to verify
SSMs in a condensed form in Table III and Table IV.

The relation between NMSE and the number of selected
samples N is depicted in Fig. 6. We can observe that the
conventional DPD starts to improve the transmitter linearity
when more than 1300 samples are selected for DPD adap-
tation. US follows the behaviour of the conventional DPD
but with slightly less needed samples. QRS starts to improve
linearity of the output signal from 18 selected samples, but up

Authorized licensed use limited to: Universitaetsbibliothek der TU Wien. Downloaded on June 03,2020 at 07:22:17 UTC from IEEE Xplore.  Restrictions apply. 



1984 IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS–I: REGULAR PAPERS, VOL. 67, NO. 6, JUNE 2020

Fig. 6. Simulation results of NMSE as a function of the number of selected
samples N with 95% confidence intervals depicted by coloured dashed lines
for the model PA1. The black dashed line represents simulated NMSE of the
PA output without DPD.

Fig. 7. Simulation results of EVM as a function of the number of selected
samples N with 95% confidence intervals depicted by coloured dashed lines
for the model PA1. The black dashed line represents simulated EVM of the
PA output without DPD. EVM of the generated signal is 1.1% due to the
nonorthogonality caused by the inherent F-OFDM filtering.

to 2000 samples it provides suboptimal results. This is mainly
due to improving problem conditioning but considering neither
the signal statistics nor the observed feedback samples, as has
been discussed above. Please recall that we have 17 DPD
coefficients and taking only 18 samples is almost equivalent
to solving a fully determined system.

GSS shows good linearisation performance for higher than
100 selected samples. We suppose this is caused by choosing
samples on the random basis with respect to the probabilities
calculated by GS. For a low number of selected samples there
is no margin for selecting unimportant samples. EDH starts to
linearise from 19 selected samples and slightly improves with
increasing number of selected samples. For N < 100, EDH
outperforms GS and for N > 100, EDH provides NMSE less
than 0.8 dB higher than GS.

Fig. 8. Simulation results of ACPR as a function of the number of selected
samples N with 95% confidence intervals depicted by coloured dashed lines
for the model PA1. The black dashed line represents simulated ACPR of the
PA output without DPD.

In the region up to N < 2000 samples, GOH outperforms
all other methods. For N > 2000 GOH is very close to
QRS. Please note that this difference is very small, about
0.5 dB in terms of NMSE. For GOH, in the region from
100 samples, we can see the effect of a larger space in
which the genetic algorithm looks for the optimal histogram.
In this region NMSE is up to 1 dB worse than for N =
100 or N = 50 000. This effect is caused by the fixed number
of maximum generations and by the population size of the
genetic algorithm, set irrespective of the number of selected
samples N .

EVM as a function of the number of selected samples N is
depicted in Fig. 7. The simulated EVM results agree with the
NMSE results shown in Fig. 6. The ACPR results are presented
in Fig. 8 and similarly agree with the NMSE results. One can
notice that for PA1 the linearisation performance in terms of
the ACPR improvement is not impressive. This is likely caused
by specific characteristics of PA1 and the DPD model. The
key point is that already for a low N the proposed methods
provide the linearisation performance of the conventional DPD
achieved only for high N . A higher ACPR improvement is
achieved for PA3 with results in Table IV, as described below.

Summary results for PA2 and PA3 are presented in Table III
and Table IV respectively. Although EDH shows good lin-
earisation capabilities for a low number of samples, GOH
outperforms other SSMs for a low number of selected samples
in all cases and is close to the other methods for a high number
of samples.

Model PA2 in Table III is highly nonlinear, as PA2 is
designed in class F, and we can see that the conventional
DPD and the simple undersampling do not converge for a low
number of samples N < 10 000. On the other hand, the model
PA3 with results shown in Table IV is less nonlinear and the
conventional DPD and US provide a decent linearisation for
N = 1000 selected samples. In Table IV we can notice that the
PA nonlinearity causes mainly leakage into adjacent channels
while the signal in the main channel remains undistorted,
as illustrated by EVM.
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TABLE III

SIMULATION RESULTS FOR MODEL PA2

TABLE IV

SIMULATION RESULTS FOR MODEL PA3

VI. MEASUREMENTS

In addition to simulations for all models PA1, PA2, and
PA3, we evaluate the SSMs for PA1 in measurements. Our
measurement setup (Fig. 9) employs the vector signal genera-
tor Rohde & Schwarz SMU200A to generate the input signal
of PA1. The PA1 output is connected to the real time spectrum
analyser Rohde&Schwarz FSVR through a high power RF
attenuator with an attenuation of 10 dB and a maximum dissi-
pated power of 50 W followed by two smaller RF attenuators
of 10 dB each. We use the digital multimeter Keysight 34461A
as an Ampere metre to set the drain quiescent current of the
PA1 second-stage transistor.

We have performed the measurements with the same set-
tings as for simulations. The only change is that for measure-
ments we perform the 80 iterations only once, and hence the
values presented are not averaged.

Fig. 9. Measurement setup with PA1, the vector signal generator SMU200A,
and the real time spectrum analyser FSVR.

Fig. 10. Measured AM/AM characteristics of PA1, DPD, and the whole
linearised transmitter. The depicted N = 24 samples were selected by GOH
and used for DPD adaptation.

In Fig. 10 we present the measured AM/AM characteristics
of PA1, DPD and the whole linearised transmitter. The char-
acteristics of DPD and the linearised transmitter are depicted
for DPD adapted using GOH with N = 24 selected samples.
Please notice that the selected samples are not distributed
evenly over the input magnitudes, but rather concentrated in
the region with lower magnitudes to cover the region with the
high signal occurrence probability and then in the region with
higher magnitudes to cover the most nonlinear region of PA.

The measured power spectral density (PSD) of the PA1 out-
put linearised with DPD adapted using different techniques
is depicted in Fig. 11. The PSD of the PA1 output without
DPD is shown as a reference. The results are shown for
N = 400 selected samples. Please note that for N = 400
the conventional DPD causes higher out-of-band emissions
than PA1 without DPD. US slightly improves the out-of-
band emissions, while GOH in this case provides the best
linearisation.

Measured DPD performance in terms of NMSE, EVM, and
ACPR is shown in Fig. 12, Fig. 13, Fig. 14 respectively.
We can see that the conventional DPD and US in real
measurements work slightly better than in simulations. This
could signify that the extracted PA model is more difficult to
linearise by these methods than the real PA. The trend for
these methods follows the simulation results, and we can see
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Fig. 11. Measured power spectral density of PA1 output without DPD and
with DPD adapted by different SSMs for the number of selected samples
N = 400.

Fig. 12. Measurement results of NMSE as a function of the number of
selected samples N compared to the simulation results. The black dashed
line represents the measured NMSE of the PA1 output without DPD.

a spread of measured points from this trend. This spread is
in compliance with the wider 95% confidence intervals shown
in the simulation results. The measured NMSE for GOH is
around 1 dB worse with respect to the average NMSE in
the simulations. This increase could be probably caused by
the measurement noise which is neglected in simulations.
Measurement results in terms of EVM and ACPR follow the
NMSE measurement results which exactly complies with the
simulations.

A. High-Bandwidth Measurements

We have verified the proposed methods also by measure-
ments with a high-bandwidth signal. We have performed this
measurement on our 60-GHz DPD setup which is based on
Infineon BGT-60 and has sampling frequency FS = 1 GSps,
for more details see [39]. We have applied the test signal with
bandwidth B = 100 MHz.

The measured PSD of the setup output without DPD and
with DPD adapted by different SSMs is shown in Fig. 15. The
PSD is measured for the number of selected samples N = 200.
We can see that GOH outperforms the conventional DPD and

Fig. 13. Measurement results of EVM as a function of the number of
selected samples N compared to the simulation results. The black dashed
line represents the measured EVM of the PA1 output without DPD. EVM
of the generated signal is 1.1% due to the nonorthogonality caused by the
inherent F-OFDM filtering.

Fig. 14. Measurement results of ACPR as a function of the number of
selected samples N compared to the simulation results. The black dashed
line represents the simulated ACPR of the PA1 output without DPD.

TABLE V

MEASUREMENT RESULTS FOR 60- GHz SETUP

also US. NMSE, EVM and ACPR for this measurement are
stated in Table V. We would like to remark that during the
measurement we had substantial issues with the stability of
the conventional DPD adaptation and we have observed the
similar tendency also for US. On the contrary, we have not
recognised any instability issues caused by GOH.
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Fig. 15. The measured power spectral density at the 60-GHz setup output
without DPD and with DPD adapted by different SSMs for the number of
selected samples N = 200.

VII. CONCLUSION

The number of samples for DPD adaptation directly influ-
ences the computational complexity of DPD adaptation. In this
paper we have proposed sample selection methods for DPD
adaptation with the intention to minimise the required number
of samples for DPD adaptation and thus to minimise the
computational complexity of DPD adaptation. We have shown
that the proposed GOH outperforms other sample selection
methods in terms of linearisation capabilities. For a very low
number of selected samples, GOH provides a linearisation
performance equivalent to the maximum achievable lineari-
sation performance of the conventional DPD. Simulations on
the model of a two-stage power amplifier (PA1) designed for
SATCOM applications have revealed that GOH can achieve
a sufficient linearisation performance already for N = 24
selected samples while the conventional DPD achieves the
equivalent performance only for N ≥ 104. Since the com-
putational complexity is linear with respect to the number of
required samples, this indicates a 400-times improvement over
the conventional DPD in terms of computational complexity.
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