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Abstract— This paper proposes a new technique to identify
the parameters of a digital predistorter based on iterative
learning control (ILC). ILC is a well-established control theory
technique that can obtain the inverse of a system. Instead of
focusing on identifying the predistorter parameters, the technique
proposed here first uses an iterative learning algorithm to identify
the optimal power amplifier (PA) input signal that drives the
PA to the desired linear output response. Once the optimal
PA input signal is identified, the parameters of the predistorter
are estimated using standard modeling approaches, e.g., least
squares. To this end, in this paper, we present a complete
derivation of an ILC scheme suitable for the linearization of PAs,
which includes convergence conditions and the derivation of two
learning algorithms. The proposed ILC scheme and parameter
identification technique were demonstrated experimentally and
compared with the indirect learning architecture (ILA) and
direct learning architecture (DLA). The experimental results
show that, even for the most difficult cases, the proposed ILC
scheme can successfully linearize the PA. The experimental
results also indicate that the proposed parameter identification
technique is more robust to measurement noise than ILA and can
provide better linearity performance when the PA nonlinearities
are strong. In addition, the proposed parameter identification
technique can achieve similar or better linearity performance
than DLA but with a simpler identification process.
Index Terms— Digital predistortion (DPD), iterative algorithm,
linearization,
nonlinear
distortion,
nonlinear
systems,
nonlinearity, power amplifier (PA).

I. I NTRODUCTION
IGH efficiency and linearity are two important requirements for radio frequency (RF) power amplifiers (PAs)
used in modern wireless communication systems. Unfortunately, due to the inherent nonlinear behavior of PAs, these
requirements are not easy to fulfill simultaneously. In order
to maximize the efficiency, PAs have to be operated close
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Fig. 1.

Block diagram of the ILA.

to saturation, where they exhibit strong nonlinear behavior.
The PA nonlinear behavior does not only produce in-band
distortion but also generates spectral regrowth that causes
interference to neighboring channels. The nonlinear behavior
can be reduced by backing off the amplifier far from saturation. Unfortunately, due to the large peak-to-average power
ratio (PAPR) that modern communication signals present, this
results in very low average efficiencies. In order to satisfy
the efficiency requirement without sacrificing the linearity,
PA linearization is required.
Among the linearization techniques reported in the literature, digital predistortion (DPD) is one of the most suitable
for modern communication systems. DPD introduces a predistorter block before the PA whose main role is to provide
a complementary nonlinearity to that of the PA so that the
cascade of the predistorter and PA ideally behaves like a
linear system. In reality, due to problems encountered in the
identification process and limitations of the models used in the
predistorter, residual distortions can be found at the output of
the amplifier.
Commonly known techniques used to identify the
parameters of a digital predistorter are the indirect learning architecture (ILA) [1] and the direct learning architecture (DLA) [2], [3]. ILA is based on the inverse modeling
approach, where a postinverse of the PA is identified using
the output of the amplifier to model the input, as depicted
in Fig. 1. After identifying the parameters of the postinverse
(also known as postdistorter), ILA copies the parameters to
an identical model that is used as predistorter [4]. Although
ILA simplifies the predistorter identification process from a
nonlinear optimization problem to an iterated linear optimization problem [5], it suffers from two fundamental drawbacks.
First, due to the presence of noise in the measured output
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Fig. 2.

Block diagram of the DLA.

signal y(n) in Fig. 1, the parameter estimates converge to a
biased solution [4]. Second, ILA provides limited performance
when the PA nonlinearity is severe [3].
Although in high-power applications, such as macrocell
base stations, the measurement noise may be considered
negligible, there are other applications where that assumption
is not necessarily true. For instance, in low-power applications,
such as small-cell base stations, in order to meet the power
consumption and cost targets, the requirements imposed on the
components used in the DPD feedback chain are often relaxed
and higher noise levels must be accepted, e.g., high precision
and power inefficient analog to digital (A/D) converters are
replaced by low-precision A/D converters, which introduces
higher noise levels [5], [6]. Higher noise level are also present
in the linearization of microwave links and the remote predistortion of satellite systems, where the predistorter is calculated
using the signal at the receiver [7]. To address the ILA noiseinduced bias problem, Morgan et al. [4] and Landin et al. [5]
proposed a modified version of ILA where the inverse model
is identified using the output signal of a forward model of
the PA instead of the noisy PA output. While their approach
yields better linearity performance than ILA, its performance
depends on the accuracy of the PA forward model.
DLA, on the other hand, does not present any of the ILA
problems. In DLA, the predistorter parameters are estimated
by comparing the input signal yd (n), in Fig. 2, and the error
e(n) produced at the output of the PA [2], [3]. There are
several DLA algorithms available in the literature [2], [8], [9].
A recent addition to those algorithms is the closed-loop estimator proposed in [10], [11], which uses a least mean squares
algorithm to minimize the residual distortion in the output
of the PA. Although DLA algorithms can provide unbiased
parameter estimates, most of them are computationally expensive, complex in structure, and present slow convergence. For
those reasons, ILA is the most used parameter identification
technique for DPD for RF PAs.
In recent years, different iterative techniques have been
proposed for the linearization of PAs. In [12], an iterative block
level methodology is introduced where a lookup table is used
to compensate for the PA static nonlinearity, and an iterative
algorithm is used to compensate for the deterministic memory
effects of the PA. However, the convergence conditions of
the algorithm were not reported. In [13], different iterative
methods based on successive approximation and Newton’s
method were investigated. However, those algorithms are
computationally expensive and are based on the assumption
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that the structure of the PA is known. Therefore, modeling
errors consisting of mismatches between the PA and the model
limit their performance [13]. Recently, Hotz and Vogel [14]
proposed an iterative algorithm based on the Richardson iteration and an alternative view of the Volterra series. However,
that algorithm is also based on the assumption that a model
of the PA is known; in addition, all the results reported are
based on simulations only.
In this paper, we introduce the concept of iterative learning control (ILC) for the linearization of RF PAs and
propose a new technique to identify the parameters of
digital predistorters. ILC is an iterative technique used in
control theory to invert the dynamics of linear and nonlinear
dynamical systems. Instead of focusing on identifying the
parameters of the predistorter, the technique proposed here
uses an iterative learning algorithm to find the optimal PA
input signal that produces the desired linear output response.
Once the optimal PA input signal is found, the parameters
of the predistorter are estimated using standard modeling
approaches, e.g., linear least squares (LS). To the best of the
authors’ knowledge, this is the first time that one has access to
the desired output values of the predistorter (which is identical
to the input to the PA) before estimating its parameters. To this
end, in this paper, we present a complete derivation of an
ILC scheme for the linearization of PAs, from establishing the
conditions for convergence to the derivation of two iterative
learning algorithms suitable for PAs. Unlike other iterative
techniques, the algorithms proposed here do not require much
prior information of the PA and are computationally less
expensive. The experimental results presented in this paper
indicate that even for the most difficult cases, the proposed
ILC scheme can successfully identify the optimal PA input
signal that linearizes the PA. The results also shown that in
contrast to ILA, the proposed DPD identification technique is
more robust to measurement noise and provides better linearity
performance when the PA nonlinearities are strong. Compared
with DLA, the proposed DPD identification technique can
achieve better linearity performance at low signal-to-noise
ratios (SNRs) and similar linearity performance when the PA is
in deep compression, but with a simpler identification process.
This paper is organized as follows. Section II describes
the concept of ILC. In Section III, an ILC scheme for the
linearization of PAs is presented. Section IV presents a new
technique to identify the parameters of digital predistorters
for RF PAs. Section V describes the experimental setup
and performance evaluation criteria. The measurement results
are presented and discussed in Section VI, and finally the
conclusions are provided in Section VII.
II. ILC
ILC is a well-established control theory technique used
to improve the transient response and tracking performance
of systems that operate repetitively over a fixed time interval [15]. First introduced in [16] and later developed as
a formal theory in [17], ILC has been applied to a wide
range of applications including industrial robots, mechanical
systems, manufacturing, chemical industry, and aerodynamic
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will learn the new most optimal input signal without having
to reconfigure the learning algorithm [15].
ILC differs from other adaptive control schemes in that other
strategies modify either the controller or the parameters of the
controller. In an ILC scheme, it is the input signal that is
modified after each iteration [18], [19]. Further information
about ILC can be found in [15], [18], and [19].
III. ILC FOR PA L INEARIZATION
Fig. 3.

ILC scheme for RF PAs.

systems, to name a few [18]. This section describes the idea
behind ILC.

A. ILC Scheme for PA Linearization

A. ILC General Description
Consider a system F defined by y(n) = Fs [u(n)]. For this
system, we want to drive the output y(n) to a desired response
defined by yd (n). The problem consists in finding an optimal
input u ∗ (n), so that when this signal is applied to the system,
the output is as close as possible to the desired response yd (n),
where close is measured in the sense of some arbitrary norm.
ILC is an iterative technique for finding such u ∗ (n).
The basic idea of ILC is illustrated in Fig. 3, where the
system F is considered to be a PA. All the signals shown
are assumed to be defined over a finite discrete-time interval
n ∈ [0, N − 1], where N is the number of samples of the
signals. Also note that the subscript k is used to indicate the
iteration number. The ILC scheme works as follows [15]:
during the kth iteration, the system is driven by an input
signal u k (n) that produces an output response yk (n). The
learning controller then uses the error observed between the
desired output and the actual output ek (n) = yd (n) − yk (n) to
compute a new input signal u k+1 (n) that will be used during
the next iteration. The learning controller is designed in such
a way as to guarantee that the error produced by the new
input signal u k+1 (n) is smaller than the error produced by the
current input u k (n). This scheme is run iteratively until the
desired performance is reached.
The main task in the design of an ILC scheme is then to find
a learning algorithm defined by FL [u, yd − y] that generates
a sequence of inputs
u k+1 (n) = FL [u k (n), yd (n) − yk (n)], n ∈ [0, N − 1]
= FL [u k (n), yd (n) − Fs [u k (n)]]

Although ILC is generally associated with control theory, it
is a powerful technique to obtain the inverse of a system [20].
Therefore, after some modifications, it can be made suitable
for the linearization of PAs. In this section, we derive an
ILC scheme for the linearization of PAs. A summary of the
proposed ILC scheme can be found at the end of this section.

(1)

such that u k (n) converges to a fixed point u ∗ (n) that minimizes
the error between the desired output yd (n) and the actual
output yk (n).
Note that in an ILC scheme, it is usually assumed that all
initial conditions of the system are reset to the same value at
the beginning of each iteration. Also, minimum information
about the system F should be used in the design of the
learning algorithm. The convergence of the learning algorithm
should not depend on a given desired response yd (n). If a new
desired response yd (n) is introduced, the learning controller

The proposed ILC scheme for the linearization of PAs is
illustrated in Fig. 3. All the signals shown are defined over
a finite discrete-time interval n ∈ [0, N − 1], where N is the
number of samples of each signal. The signal yd (n) is the
desired output signal of the PA and is defined within reasonable limits. The signals u k (n) and yk (n) are the input and
output of the amplifier during the kth iteration, respectively.
The output of the amplifier yk (n) can be described as
yk (n) = Fs [u k (n), u k (n − 1), . . .]

(2)

where Fs represents the nonlinear dynamic transfer function
of the PA.
The error produced after the kth iteration ek (n) is defined by
ek (n) = yd (n) − yk (n).

(3)

The learning algorithm proposed for this scheme is of the
form [18]
uk+1 = uk + ek

(4)

where uk = [u k (0), u k (1), . . . , u k (N −
ek = [ek (0),
ek (1), . . . , ek (N − 1)]T , and  is denoted by the learning
matrix that controls the convergence speed of the algorithm.
Before discussing how to select the learning matrix , let us
derive the convergence conditions of the learning algorithm.
1)]T ,

B. Convergence Conditions
An important aspect in the design of the learning algorithm
is to guarantee that it converges in successive iterations.
In the following, an approximate criterion for convergence of
the algorithm given in (4) is determined. For this purpose,
it is assumed that the transfer function Fs is continuous in
the region of interest. The convergence of the algorithm is
measured using the LS criterion, i.e., the L 2 -norm squared of
the error ek .
Let us denote the system description in (2) in vector form
yk = Fs (uk )

(5)

where yk = [yk (0), yk (1), . . . , yk (N −1)]T and Fs is a vectorvalued function defined by
 
 (N−1) T
  
Fs (uk ) = f 0 uk0 , . . . , f n ukn , . . . , f N−1 uk
(6)
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where ukn = [u k (0), u k (1), . . . u k (n)] and f n is a causal function that represents the relation between ukn and the output yk
at the time instant n
 
yk (n) = f n ukn = f n (u k (0), . . . , u k (n)).
(7)

TABLE I
S UMMARY OF ILC A LGORITHMS

In a similar way, the error signal obtained after the kth iteration
in (3) can be rewritten in vector form as
ek = yd − Fs (uk )

(8)

where yd = [yd (0), yd (1), . . . , yd (N − 1)]T .
Referring to (4) and (8), the error produced by the input
uk+1 is given by
ek+1 = yd − Fs (uk+1 )
= yd − Fs (uk + ek ).

(9)

Since it is assumed that the function Fs is continuous in the
region of interest, the expression Fs (uk + ek ) in (9) can be
approximated using the first-order Taylor expansion
Fs (uk + ek ) ≈ Fs (uk ) + JF (uk )ek

(10)

where JF (uk ) is the Jacobian matrix of Fs with respect to uk
and is defined by
 
 
⎤
⎡
∂ f 0 uk0
∂ f 0 uk0
·
·
·
⎢
∂u k (0)
∂u k (N − 1) ⎥
⎥
⎢
..
..
⎥
⎢
..
JF (uk ) = ⎢
⎥.
.
.
.
⎢
 (N−1)  ⎥
⎦
⎣ ∂ f (N−1) u(N−1) 
∂ f (N−1) uk
k
···
∂u k (0)
∂u k (N − 1)
(11)
Inserting the approximation given in (10) into (9) and using
the error definition given in (8), (9) becomes
ek+1 = yd − Fs (uk ) − JF (uk )ek
= ek − JF (uk )ek .

(12)

Factorizing and taking the L 2 -norm squared of both sides,
it follows that:
ek+1 22 = (I − JF (uk ))ek 22

(13)

where I denotes the identity matrix and .2 denotes the
L 2 -norm.
Using the submultiplicative property of norms [21],
(13) becomes
ek+1 22 ≤ I − JF (uk )2i2 ek 22

(14)

where .i2 denotes the matrix norm induced by the L 2 -norm,
also known as the spectral norm [21]. The spectral norm of a
matrix A is defined as
1
2

Ai2 = λmax {A H A}

(15)

where λmax and (.) H denote the maximum eigenvalue and
conjugate transpose, respectively.
Returning to (14), it can be said that the convergence of the
error is guaranteed, i.e., limk→∞ ek 22 = 0, if
I − JF (uk )2i2 < 1.

Note that although theoretically the error converges to zero
when k → ∞, this does not represent a limitation in a practical
scheme. The statement above only implies that if the condition
given in (16) is satisfied, the error will be reduced after each
iteration. In a practical system, the number of iterations can
be chosen so that the final error satisfies the requirements.

(16)

C. Learning Algorithm
Once the convergence condition has been established, the
next step in the design of the learning algorithm is to select
an appropriate  that satisfies the convergence condition,
provides fast convergence speed, and requires minimal information about the PA. In this section, we propose two learning
algorithms that satisfy those requirements.
From (16), the most straightforward choice of  would be
 = JF (uk )−1

(17)

which gives rise to the algorithm
uk+1 = uk + JF (uk )−1 ek .

(18)

In the ILC framework, this learning algorithm is known
as the Newton-type algorithm [22] and was also proposed
in [13]. While this algorithm is desired for fast convergence
speed, its implementation presents some practical difficulties.
To calculate the Jacobian matrix, precise knowledge of the
structure of the PA is required. If a model of the PA is known,
the performance of the algorithm is limited by the accuracy of
the model [13], [18]. Furthermore, the Jacobian matrix must
be evaluated and inverted at each iteration, which makes this
algorithm computationally expensive.
Fortunately, there exist other choices of  that can satisfy
the convergence condition established in (16). In this paper,
we propose two learning algorithms that are computationally
less expensive than the Newton-type algorithm, require less
information about the PA, and also present good convergence
speed. A summary of the ILC algorithms proposed in this
section is given in Table I. For comparison reasons, the
Newton-type algorithm is also included in Table I.
1) Instantaneous Gain-Based ILC Algorithm: The instantaneous gain-based algorithm is given by
uk+1 = uk + G(uk )−1 ek

(19)

where G(uk ) is a diagonal matrix with entries
G(uk ) = diag{G[u k (0)], . . . , G[u k (N − 1)]}

(20)

where G[u k (n)] is the instantaneous complex gain of the PA,
which is defined by
G[u k (n)] =

yk (n)
.
u k (n)

(21)
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The derivation of the instantaneous gain-based algorithm is
shown in Appendix A. Note that since this learning algorithm
uses the instantaneous complex gain of the amplifier G(uk )
instead of the Jacobian matrix JF (uk ), it does not require
precise knowledge of the structure of the PA. Moreover,
since G(uk ) requires only the knowledge of u k (n) and yk (n),
this algorithm is less computationally expensive than the
Newton-type algorithm. Based on extensive experiments on
a real PA, it will be shown in Section VI that this learning algorithm presents a similar convergence speed to the
Newton-type algorithm.
2) Linear ILC Algorithm: The computational complexity
of the learning algorithm can be further reduced using a
simplified version of the algorithm given in (4)
uk+1 = uk + γ ek

(22)

where the learning matrix  is set to γ I, where γ is
denoted by the learning gain. Note that this algorithm updates
the input signal uk+1 using a constant gain for all iterations. This algorithm is also known as first-order linear-type
ILC algorithm [19], [22].
Assuming that the PA is memoryless, it is shown in
Appendix B that the convergence of this algorithm is guaranteed if γ satisfies the following condition:
2
(23)
Jmax
where Jmax denotes the supremum of the diagonal entries
of JF (uk ) given a desired output response yd (n). For PAs,
this value is approximately equal to the PA small-signal gain
Jmax ≈ G ss that can be obtained from the PA datasheet or
from measurements.
Moreover, as it is shown in Appendix B, the convergence
speed of this algorithm is optimized when γ is chosen to be
0<γ <

2
(24)
Jmin + Jmax
where Jmin denotes the infimum of the diagonal entries of
JF (uk ) given a desired output response yd (n).
Note that this simple learning algorithm requires minimal
information about the system. Despite its simplicity, it can
be used to invert the dynamics of most unknown nonlinear
systems, as long as the condition given in (23) is fulfilled [19].
In Section VI, it will be shown that even for the most difficult
PA linearization cases, this learning algorithm converges to the
desired solution.
γ∗ =

D. Algorithm Initialization
In principle, the initialization of the learning algorithms
proposed in Section III-C can be done arbitrarily. However,
in order to improve their convergence speed, the input signal
used in the first iteration u 1 (n) must drive the output signal
y1 (n) reasonably close to the desired response yd (n). For PAs,
this initial input signal may be chosen as
u 1 (n) =

yd (n)
g

(25)

where g is a scaling factor that ensures that u 1 (n) does not
exceed the PA maximum allowed input power level, for safe

Fig. 4.

Block diagram of the ILC-DPD scheme.

operation of the amplifier. A good choice of g may be the
average gain gavg of the amplifier at the desired average
output power, which can be calculated from preliminary
measurements.
The ILC scheme for the linearization of RF PAs can be
summarized as follows.
Step 1: Select the desired PA output yd .
Step 2: Set k = 1 and let the input signal be u1 = yd /gavg,
where gavg is the average gain of the amplifier at
the desired average output power.
Step 3: Apply the input uk to the PA and measure the
PA output yk .
Step 4: Compute the error as ek = yd − yk .
Step 5: If the error satisfies the requirements, stop. Otherwise, go to the next step.
Step 6: Compute the PA input signal for the next iteration
uk+1 using any of the algorithms shown in Table I.
Step 7: Let k = k + 1 and go to Step 3.
IV. ILC-BASED D IGITAL P REDISTORTION
One important issue in the linearization of PAs has always
been that the desired output values of the predistorter are
unknown beforehand [1]. For this reason, digital predistorters
are designed using either ILA or DLA. While both architectures are different in structure and have different optimization
goals, they mainly focus on identifying the parameters of the
predistorter without having knowledge of the optimal PA input
signal. To overcome this problem, in this section, a new
technique to design digital predistorters for PAs based on ILC
is presented.
A. ILC-Based DPD Scheme
The proposed ILC-based DPD (ILC-DPD) scheme is illustrated Fig. 4. ILC-DPD first uses the ILC scheme proposed
in Section III to find the optimal PA input signal u ∗ (n) that
drives the PA to the desired response yd (n). Once u ∗ (n) is
identified, yd (n) and u ∗ (n) are used to identify a model for
the predistorter, where yd (n) is used as model input and u ∗ (n)
as model output.
Note that since the input yd (n) and output u ∗ (n) from the
predistorter are known, ILC-DPD allows us to test different
model structures and model settings without having to iterate
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on the PA. Since ILC-DPD uses the same desired output
response yd (n) in the iterations, it is suited for research
purposes as a tool to select/derive model structures for predistorters, instead of relying on the assumption that the PA
forward and inverse models share the same structure, as it is
discussed in [23]–[25].
B. System Identification
In principle, for the proposed ILC-DPD technique, any
RF PA behavioral models can be used as predistorter model.
In this paper, the model chosen for the experiments is the generalized memory polynomial (GMP) [26]. The motivation for
this choice is the good compromise between model complexity
and performance that the GMP model offers [27].
The GMP model with nonlinear order P, memory length M,
and cross-term length G is formulated in this paper as
P−1
2

∗

M

û (n) =

a pm yd (n − m)|yd (n − m)|2 p
p=0 m=0
P−1
2

M

G

b pmg yd (n − m)|yd(n − m − g)|2 p

+
p=1 m=0 g=1
P−1
2

M

G

+

c pmg yd (n − m)|yd (n − m + g)|2 p
p=1 m=0 g=1

(26)
where yd (n) and û ∗ (n) are the input and output of the model,
respectively. a pm , b pmg , and c pmg are the model parameters.
Note that in this formulation, only odd terms are considered. In
addition, the model includes only causal terms, i.e., no terms
with positive memory are considered.
Since the GMP model is linear in the parameters [27], it
can be written more compactly as
û∗ = Hθ

(27)

where û∗ is a vector that contains the samples of the model
output û ∗ (n) in (26). H is the regression matrix consisting
of the basis functions of the GMP model. θ is a vector that
contains the model parameters a pm , b pmg , and c pmg .
The parameters of the model θ can be estimated using the
LS estimator. For models that are linear in the parameters, the
LS solution [28] is readily given by
θ̂ = (H H H)−1 H H u∗
(.) H

(28)
u∗

denotes the conjugate transpose and
is a vector
where
that contains the samples of the signal u ∗ (n) in Fig. 4.
V. E XPERIMENTAL S ETUP
This section describes the measurement setup, performance
evaluation criteria, and the implementation of the ILA and
DLA used in this paper.

Fig. 5.

Measurement setup. (a) Block diagram. (b) Photograph.

The baseband in-phase/quadrature (IQ) data were generated in
MATLAB and downloaded to the VSG. The VSG upconverts
the IQ data to the RF to then feed the predriver that provides
sufficient power to drive the PA under test. Next, the PA
output is captured by the SA and sent back to the computer.
The VSG and SA are synchronized using a common 10-MHz
reference signal.
The PA under test was a CREE CGH400006 transistor
mounted in the manufacturer’s demoboard. The PA had a maximum peak output power of 40.2 dBm at a frequency of 2 GHz.
The signal used in the experiments was a 5-MHz-wide
LTE downlink signal with a reduced PAPR of 8.5 dB and
a sampling rate of 25 MHz. Two data sets of 20 000 and
25 000 samples were used for parameter identification
and performance evaluation, respectively.
B. Performance Evaluation
The performances of the proposed techniques are evaluated
in terms of the normalized mean square error (NMSE) between
the desired output signal yd (n) and the PA output signal y(n),
adjacent channel leakage ratio (ACLR), and error vector
magnitude (EVM).
The NMSE is defined as
N−1

A. Measurement Setup
The measurements setup is shown in Fig. 5. The setup
consisted of an Agilent E4438C vector signal generator
(VSG) and an Agilent N9030A PXA signal analyzer (SA).

NMSE =

| yd (n) − y(n)|2

n=0
N−1
n=0

(29)
|yd

(n)|2
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where y(n) denotes the measured signal at the output of the
amplifier and yd (n) denotes the desired output signal.
The ACLR is defined as

2
max. adj. |Y ( f )|

ACLR =
(30)
2
ch. |Y ( f )|
where Y ( f ) denotes the power spectrum of the measured
output signal y(n). The integration in the numerator is done
over the adjacent channel that presents the largest power,
and the integration in the denominator is done over the main
channel. In this paper, the adjacent channels were defined at
frequency offsets of ±5 MHz over an integration bandwidth
of 4.8 MHz.
The EVM is defined as [29]

EVM =

t ∈T f ∈F (t )

|Y (t, f ) − I (t, f )|2

t ∈T f ∈F (t )

|I (t, f )|2

(31)

where I (t, f ) is the constellation of the original LTE signal,
i.e., the signal before PAPR reduction, and Y (t, f ) is the
constellation extracted from the measured output signal y(n).
T denotes the set of symbols within the subframe, and F(t)
denotes the set of subcarriers being active in the symbol t. The
EVM is calculated over one subframe, i.e., 1-ms measurement
period, and presented in decibels.
C. ILA and DLA Implementation
1) ILA Implementation: The block diagram of the ILA
scheme implemented in this paper is shown in Fig. 1. Since the
desired output signal yd (n) is used as input to the predistorter,
no gain normalization is performed inside the iterative loop,
i.e., the PA output signal y(n) is directly used to estimate the
postinverse of the PA [30].
The input signal to the PA u(n) used during the first
iteration is the same initial input signal used in the ILC scheme
proposed in Section III, i.e., u(n) = yd (n)/gavg, where gavg
is the average gain of the PA, which was calculated from
preliminary measurements. When ILA converges, the output
signal y(n) will be as close as possible to the desired response
yd (n), which is defined beforehand.
2) DLA Implementation: In this paper, DLA is implemented
using a model-based approach that is commonly used in
the literature [3], [31]. Note, however, that other ways to
implement DLA are also available, e.g., the closed-loop estimator [10], [11]. The model-based DLA is implemented as
follows [31]. First, a forward model of the PA is identified,
and the model structure of the PA model is assumed to
be the same as the predistorter model. Next, the identified
model is used to estimate the parameters θ of the predistorter.
The predistorter parameters are estimated using MATLAB’s
nonlinear LS algorithm solver, i.e., the lsqnonlin function. The
minimization criterion used for the optimization is
N−1

|yd (n) − F̂s [FDPD [yd (n), θ ], η]|2

θ̂ = arg min
θ

n=0

(32)

where F̂s and FDPD denote the PA forward model and predistorter model, respectively. η represents the parameters of the
PA forward model, which are estimated in the first step.
Once the nonlinear algorithm finds a solution, the estimated
parameters are used to generate the predistorted signal u(n)
that is applied to the PA. This process is repeated iteratively
until the predistorter-PA system converges to the best possible
solution. Note that since the statistics of the predistorted signal
u(n) change after each system level iteration, i.e., iteration
on the predistorter-PA system, the nonlinear behavior of the
PA will also change. Consequently, the PA forward model used
to estimate the predistorter parameters is re-extracted after
each system-level iteration [31].
VI. R ESULTS
In this section, the performance of ILC and ILC-DPD
is evaluated and compared against ILA and DLA. For this
purpose, three experimental scenarios are defined. In the first
scenario, the convergence properties of the proposed instantaneous gain-based and the linear ILC algorithms are compared
with the Newton-type algorithm. In the second scenario, the
performance of ILC-DPD, ILA, and DLA is evaluated in the
presence of different levels of measurement noise. In the third
scenario, the performance of ILC, ILC-DPD, ILA, and DLA
is evaluated when the PA is driven in deep compression.
For the sake of comparison, the same model structure was
used for the predistorter of ILC-DPD, ILA, and DLA. Since
the goal of the linearization is to drive the PA output to
the desired output signal yd (n), after being synchronized, the
measured output signal y(n) was directly used to compute the
performance metrics, i.e., no scaling was performed.
A. ILC Algorithm Comparison
In this experiment, the convergence properties of the
Newton-type, the instantaneous gain-based, and the linear
ILC algorithms are compared. For this purpose, the desired
PA output signal yd (n) was selected to have a peak output
power of 40 dBm. The same initial input signal u 1 (n) was
used for the three algorithms. The Jacobian matrix was approximated by first identifying a forward model of the PA using
a polynomial model and then deriving the Jacobian from the
model. The Jacobian matrix was recalculated at each iteration.
Fig. 6 shows the NMSE performance versus the iteration
number. In the first three iterations, the gain-based ILC algorithm presents lower NMSE than the Newton and the linear
ILC algorithms. After the fifth iteration, the three algorithms
obtained similar NMSE results. These results indicate that
the proposed ILC algorithms present a convergence speed
similar to the Newton-type algorithm but at a reduced computational complexity. This is possible since they use either
the instantaneous gain or a constant gain to update the input
signal u k+1 (n), as opposed to the Newton-type algorithm that
requires the computation of the Jacobian matrix.
B. Varying SNR
In this experiment, the performance of ILC-DPD, ILA,
and DLA is evaluated when the measured output signal
contains different levels of SNR. For this purpose, the desired
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Fig. 6.
NMSE performance versus iteration number obtained using the
Newton-type, the instantaneous gain-based, and the linear ILC algorithms.
The instantaneous gain-based and the linear ILC algorithms present a similar
convergence speed to the Newton-type ILC algorithm.

Fig. 7. NMSE versus estimated SNR obtained without DPD, ILA, DLA, and
ILC-DPD when the PA was driven at 3-dB backoff. For SNR values larger
than 20 dB, ILC-DPD achieves lower NMSE than ILA and DLA.

output signal yd (n) was selected to have a peak output
power of 37 dBm. The different measurement noise levels
were obtained by setting a high reference level and changing
the input attenuation in the SA. In order to evaluate the
performance at the PA output, the signal at the PA output was
estimated using coherent averaging on 1000 repetitions of the
noisy output signal acquired from the SA. This procedure gives
a noise reduction of 10 log10 (L) dB, where L is the number
of repetitions. The averaged output signal was then used to
compute the performance metrics. It is important to highlight
that the averaged output signal was used only to evaluate the
performance at PA output; the predistorter parameters were
estimated using the noisy output signal acquired from the SA.
The algorithm used in the ILC scheme was the linear ILC
algorithm. Since the instantaneous complex gain G[u k (n)]
is calculated as in (21), the gain-based ILC algorithm can
be susceptible to high noise levels. The model used for the
predistorter was a GMP model with nonlinear order P = 9,
memory depth M = 1, and lagging term G = 1.
Fig. 7 shows the NMSE performance for different estimated
SNR values. The NMSE obtained without DPD is also shown
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Fig. 8. ACLR versus estimated SNR obtained without DPD, ILA, DLA, and
ILC-DPD when the PA was driven at 3-dB backoff. ILC-DPD achieves lower
ACLR than ILA and DLA.

Fig. 9. EVM versus estimated SNR obtained without DPD, ILA, DLA, and
ILC-DPD when the PA was driven at 3-dB backoff. ILC-DPD achieves lower
EVM than ILA and similar EVM to DLA.

in Fig. 7. Since the NMSE and ACLR performances depend
on the SNR of the output signals used in the identification
process, the SNR values depicted in Fig. 7 correspond to
SNR of the noisy output signals acquired from the SA.
For SNR values above 39 dB, ILA, DLA, and ILC-DPD
present similar NMSE results. For SNR values below 39 dB,
ILC-DPD presents lower NMSE than ILA, especially for SNR
values below 23 dB where the performance of ILA rapidly
degrades as the SNR is reduced. This performance degradation
is associated with the effects that the measurement noise has
on the ILA estimates when LS is used, e.g., biased estimates.
Also note that ILC-DPD presents similar performance to
DLA for all the SNR values tested. Moreover, the NMSE
performance of ILC-DPD at 20-dB SNR is only 2 dB larger
than the NMSE obtained with an SNR of 43 dB.
Figs. 8 and 9 show the ACLR and EVM performance of
the different techniques for different estimated SNR values.
The EVM and ACLR obtained without DPD are also shown
in Figs. 8 and 9. In terms of ACLR, ILC-DPD presents lower
ACLR than ILA and DLA for all the SNR values tested. With
respect to EVM, ILC-DPD presents lower EVM results than
ILA and similar EVM results to DLA.
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Fig. 10. AM/AM and AM/PM conversion characteristics when the PA is in
high compression.

These results show that ILC-DPD is more robust to
measurement noise than ILA when an LS estimator is
used. In addition, ILC-DPD can achieve better NMSE and
ACLR performance than DLA and similar EVM performance
to DLA.
It is important to note that the results presented here were
obtained using LS estimation. The performance of the different
techniques may be improved using a minimum mean square
error estimator, which is useful, especially when the signals
have low SNR. Also note that since the measurement noise
was not obtained using lower precision A/D converters but
by changing the settings in the SA, it is not quantization
noise. However, due to the random nature of the wideband
PA output signal and the presence of additive thermal noise,
it is generally reasonable to assume that actual quantization
noise appears as random noise. Consequently, the distortion
caused by quantization noise will have similar effects to an
independent source of noise [32].
C. High Compression
In this experiment, the performances of ILC, ILC-DPD,
ILA, and DLA are evaluated for a PA under high compression. The desired output signal yd (n) had a peak output
power of 40 dBm. The amplitude-to-amplitude (AM/AM) and
amplitude-to phase (AM/PM) conversion characteristics of the
PA at this peak output power are shown in Fig. 10. The
algorithm used for the estimation of the optimal PA input
signal u ∗ (n) was the instantaneous gain-based ILC algorithm
given in (19). Note, however, that the linear ILC algorithm
can also be used to estimate u ∗ (n), as shown in Fig. 6. The
predistorter model was a GMP model with nonlinear order
P = 9, memory depth M = 2, and lagging term G = 1.
Fig. 11 shows the spectrum of the PA output signals
obtained before and after applying ILC-DPD, ILA, and
DLA for the evaluation data. To illustrate the linearization capabilities of ILC, the spectrum of the output signal
obtained with ILC for the identification data is also presented in Fig. 11. Table II summarizes the NMSE and ACLR

Fig. 11. Power spectral density of the measured PA output signal obtained
without DPD and after applying ILC, ILA, DLA, and ILC-DPD when the PA
was driven under high compression.

TABLE II
S UMMARY OF THE L INEARIZATION R ESULTS O BTAINED W HEN
THE PA WAS D RIVEN U NDER H IGH C OMPRESSION

performance obtained with ILC, ILC-DPD, ILA, and DLA for
the identification and validation data.
Before linearization, the NMSE and ACLR were −17.9 and
−32.4 dB, respectively. When ILC was applied, the NMSE
and ACLR were reduced to −47.9 dB and −58.6 dBc, an
improvement of 30 and 26 dB, respectively. This linearization
improvement can also be observed in Fig. 11. Note, however,
that these results represent only the potential performance.
When ILC-DPD was applied, the NMSE and ACLR were
−41.2 and −50.1 dB, respectively, 6 and 8.5 dB higher than
the results obtained with ILC. This performance reduction
with respect to ILC is attributed to the limited linearization
capabilities of the predistorter model. Compared with ILA,
ILC-DPD obtained 1.7 and 1.2 dB lower NMSE and ACLR,
respectively. Compared with DLA, the NMSE and ACLR
values obtained by ILC-DPD were 0.3 and 0.7 dB higher,
respectively. However, for DLA, this performance improvement came at the cost of a more complex identification process
since the algorithm used in DLA required many iterations
to find a set of parameters that minimize the optimization
criterion given in (32); in our experiments, typically hundreds
of iterations were needed. In addition, DLA required a number
of system-level iterations to find the best possible set of
predistorter parameters. On the other hand, the algorithm
used in ILC-DPD required only seven iterations to obtain the
optimal input signal, as shown in Fig. 6, and uses standard
modeling techniques to estimate the predistorter parameters.
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In terms of EVM, before linearization, an EVM of −18.5 dB
was obtained. When ILC was applied, the EVM was reduced
to −38.4 dB, which constitutes an improvement of 20 dB.
ILC-DPD and DLA achieved an EVM of −37.2 dB, and ILA
obtained an EVM of −36 dB, 1.2 dB higher than the EVM
obtained with ILC-DPD and DLA.
These results indicate that ILC can successfully identify the
optimal input signal to the PA. However, due to modeling
constraints, the performance of ILC-DPD is degraded. Despite
that, ILC-DPD can provide better linearity performance than
ILA for the same predistorter model structures when the PA
is driven in deep compression. It is important to highlight
that ILC-DPD is not limited to the GMP model; this model
was chosen only to demonstrate the ILC-DPD concept. The
true potential of ILC-DPD is that for the first time, we have
access to the optimal PA input signal. That knowledge in
combination with other parametric modeling techniques may
be used to select or design suitable model structures for
predistorters for PAs. Furthermore, although ILC-DPD, in
principle, requires the use of the same desired output signal,
it can also be extended to work in real-time applications.
For example, similar to the model-based DLA, ILC-DPD
could be iterated on a model of the PA. Changes on the
PA operation conditions caused by PA aging, bias variations,
and temperature shifts should be able to be compensated
for, in the same way as other identification techniques, by
updating the parameters with iterations on the predistorter-PA
system. As long as the condition given in (16) is fulfilled,
the ILC algorithms proposed here should be able to identify
the optimal input signal and ILC-DPD the corresponding
predistorter parameters.
VII. C ONCLUSION
A new technique to identify the parameters of a digital
predistorter based on ILC (ILC-DPD) was presented. To this
end, an ILC scheme for the linearization of PAs was proposed.
The ILC scheme included the derivation of two learning
algorithms. The proposed ILC scheme and ILC-DPD technique were compared against ILA and DLA. The experimental
results indicate that, even for the most difficult cases, the
proposed ILC scheme can achieve better linearization performance than ILA, DLA, or even ILC-DPD. The difference
in performance between ILC and ILC-DPD is explained for
limitations of the model used for the predistorter. Despite that,
it was shown that ILC-DPD is more robust to measurement
noise than ILA and can achieve better NMSE, ACLR, and
EVM results when the PA is driven in deep compression.
Compared with the DLA implemented in this paper, the
proposed technique showed similar linearization performance
but with a simpler identification process. In combination
with other parametric modeling techniques, the techniques
introduced here have the potential to enable the design of
suitable predistorter models for PAs.
A PPENDIX A
G AIN -BASED ILC A LGORITHM D ERIVATION
This section presents the derivation of the instantaneous
gain-based ILC algorithm proposed in (19). For this purpose,
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let us assume that the PA is memoryless and can be described
as [12]
yk (n) = G[u k (n)]u k (n)

(A.1)

where G[u k (n)] represents the complex nonlinear gain of the
PA, which is defined by
G[u k (n)] =

yk (n)
.
u k (n)

(A.2)

Consider the learning algorithm form proposed in (4)
uk+1 = uk + ek .
From (16), the convergence of this algorithm is given by
I − JF (uk )2i2 < 1.

(A.3)

Using the definition of the spectral norm in (15), the
convergence condition becomes
λmax {(I −  JF (uk )) H (I −  JF (uk ))} < 1

(A.4)

where λmax denotes the maximum eigenvalue.
Since JF (uk ) of a memoryless PA is a diagonal matrix, (A.4)
can be formulated as
max |1 −  ii Jii |2 < 1, i ∈ [0, N − 1]

(A.5)

where  ii and Jii denote the i th diagonal entry of  and
JF (uk ), respectively.
Solving for  ii , the convergence of the learning algorithm
is guaranteed if the diagonal entries of  satisfy the condition
0 <  ii <

2
Jii

∀i ∈ [0, N − 1].

(A.6)

From (18), the preferred choice  ii would be
 ii =

1
.
Jii

(A.7)

However, as explained in Section III-C, such a choice is
computationally expensive. Nevertheless, the closer we choose
 ii to (A.7), the faster the convergence of the algorithm.
Returning to (A.1), the diagonal entries of JF (uk ) are
given by
Jii =

∂yk (i )
∂ G[u k (i )]
= G[u k (i )] +
u k (i )
∂u k (i )
∂u k (i )

(A.8)

where the first term corresponds to the instantaneous gain
of the PA and the second term contains the derivative of
the instantaneous gain. In principle, this derivative cannot be
calculated without a mathematical model of the PA. However,
due to the compressing behavior of PAs, it can be said that
this derivative presents the following behavior:

∂ G[u k (i )]
≈ 0, low amplitude u k (i )
=
(A.9)
∂u k (i )
< 0, high amplitude u k (i ).
Replacing (A.9) in (A.8), it can be said that

≈ G[u k (i )], low amplitude u k (i )
Jii =
< G[u k (i )], high amplitude u k (i ).

(A.10)
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Consequently, if we choose the diagonal entries of  ii as
1
(A.11)
 ii =
G[u k (i )]
the convergence condition in (A.6) is still satisfied.
Finally, defining G(uk ) as a diagonal matrix with diagonal
entries G[u k (i )]
G(uk ) = diag{G[u k (0)], . . . , G[u k (N − 1)]}

(A.12)

Replacing (B.5) and (B.6) in (B.4), the objective function
becomes
min

0<γ <2/ Jmax

max{|1 − γ Jmin |2 , |1 − γ Jmax |2 }.

(B.7)

Solving this [22], the optimal learning gain γ ∗ is given by
γ∗ =

2
.
Jmin + Jmax

(B.8)

the instantaneous gain-based ILC algorithm becomes
uk+1 = uk + G(uk )−1 ek .

(A.13)

A PPENDIX B
L INEAR ILC A LGORITHM D ERIVATION
In this section, the convergence condition and the optimal
learning gain γ ∗ for faster convergence speed of the learning
algorithm presented in (22) are derived. For this purpose, the
PA is assumed to be memoryless.
Consider the learning algorithm proposed in (22)
uk+1 = uk + γ ek .
From (16), the convergence condition of this algorithm is
given by
I − γ JF (uk )2i2 < 1.

(B.1)

Using the definition of the spectral norm in (15), (B.1)
becomes
λmax {(I − γ JF (uk )) H (I − γ JF (uk ))} < 1

(B.2)

where λmax denotes the maximum eigenvalue.
Considering that the Jacobian matrix JF (uk ) of a memoryless PA is a diagonal matrix, the convergence condition of the
algorithm becomes
max |1 − γ Jii |2 < 1, i ∈ [0, N − 1]

(B.3)

where Jii denotes the i th diagonal entry of JF (uk ).
Given that for a desired PA output yd (n), Jii is bounded by
0 ≤ Jmin ≤ Jii ≤ Jmax < ∞, where Jmin and Jmax denote
the minimum and maximum values of Jii , respectively. The
problem of selecting a learning gain γ for faster convergence
speed can be formulated as [22]
min
γ

s.t.

max

Jmin ≤ Jii ≤ Jmax
|1 − γ Jii |2 <

|1 − γ Jii |2
1,

Jmin ≤ Jii ≤ Jmax .

(B.4)

The feasible region of γ can be determined from the
constraint in (B.4)
|1 − γ Jii |2 < 1,

⇒ −1 < 1 − γ Jii < 1
⇒ 0 < γ Jii < 2
2
⇒ 0<γ <
.
Jmax

(B.5)

Since |1 − γ Jii |2 is a convex function of Jii [33], its
maximum is obtained on the boundaries of the region Jmin ≤
Jii ≤ Jmax , i.e., Jii = Jmin and Jii = Jmax . Hence
max

Jmin ≤ Jii ≤ Jmax

|1 − γ Jii |2 = max{|1 − γ Jmin |2 , |1 − γ Jmax |2 }.
(B.6)
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