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Abstract—Due to the closely-spaced antenna elements in large-
array or massive MIMO transmitters, antenna crosstalk is
inevitable. This imposes additional challenges when seeking to
linearize the power amplifiers at the transmitter through digital
predistortion (DPD). In the commonly applied indirect learning
architecture (ILA), the antenna crosstalk is known to result in
a large amount of additional basis functions (BFs) in order
to account for all the coupling signal terms and achieve good
linearization. In this article, we propose a novel closed-loop DPD
architecture and associated parameter learning algorithms that
can provide efficient linearization of digital MIMO transmitters
under antenna crosstalk. The proposed solution does not need
extra basis functions, and is thus shown to provide large benefits
in terms of computational complexity compared to existing state-
of-the-art. Comprehensive numerical results are also provided,
showing excellent linearization performance outperforming the
existing reference methods.

Index Terms—Antenna arrays, antenna crosstalk, closed-loop
systems, digital predistortion, nonlinear distortion, power ampli-
fier.

I. INTRODUCTION

Multiple-input multiple-output (MIMO) transmission tech-
nology is one of the most important technical ingredients in
the existing wireless communication systems, such as LTE-
based cellular networks and WLAN/WiFi systems [1], [2]. In
the emerging 5G New Radio (NR) networks, the importance of
multiantenna methods increases further, particularly in terms
of large-array or massive MIMO technology [3]–[5]. In gen-
eral, utilizing multiple antennas in the transmitter side implies
searching for cost-effective RF solutions that can properly
scale with larger number of antennas and power amplifiers
(PAs). To this end, the PAs are commonly the most power
hungry components in the transmitters, and thus adopting PA
units with high energy efficiency, low cost, and small size
is highly desirable. Such PA units are, however, inherently
nonlinear and cause severe nonlinear distortion that degrades
the passband signal quality and also increases the out-of-band
emissions, specifically those at neighboring channels [6]. Thus,
developing linearization solutions, particularly efficient digital
predistortion (DPD) methods, to linearize array transmitters
with implementation-feasible computational complexity is one
important and timely research area [7]–[10], and is also the
topic of this paper.

Considering the multiantenna transmitter architecture,
shown in Fig. 1, crosstalk between the antenna elements
is inevitable, in particular the linear crosstalk between the
PA outputs, due to finite isolation between the antennas in
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Fig. 1. OFDM-based digital MIMO transmitter architecture with per an-
tenna/PA digital predistortion units.

practical transmitters [11], [12]. According to current knowl-
edge, classical DPD solutions developed for individual PA
linearization are not capable of properly linearizing the PAs
in such transmitters [12], [13]. There have thus been many
attempts in the literature to linearize PAs in MIMO transmitters
using more advanced multi-input basis function based MIMO
DPD structures, e.g., in [13]–[17]. In all these works, the
DPD parameter learning is based on the indirect learning
architecture (ILA), incorporating an extended set of nonlinear
basis functions (BFs) composed of the digital baseband signals
of the considered TX chain and its neighboring TX chain(s),
to account for the crosstalk, and thus the number of BFs grows
exponentially with the number of TX paths [17].

The involved computational complexity increase has two
major drawbacks. Firstly, the amount of the digital signal
processing performed in the DPD main path and parameter
learning stages increases significantly, thus increasing the
hardware complexity and power consumption of the overall
DPD solution. Secondly, stemming from the usage of a large
number of BFs, specific numerical problems are known to



emerge in the parameter estimation which can impact the
DPD performance [18]. The solution proposed in [17] tackles
the crosstalk problem in an alternative and more efficient
manner, adopting a dual-input DPD in every transmit path
regardless of the array size, which allows to reduce the
complexity significantly compared to [13]–[16]. However, it
requires knowing the scattering parameters of the antenna
array, and also still shares some of the important drawbacks
stemming from employing multi-dimensional DPDs as will be
discussed in more details in Sections III and IV.

In this paper, a novel closed-loop DPD architecture and
parameter learning algorithms are proposed for MIMO trans-
mitters under antenna crosstalk. Compared to the state-of-
the-art DPD solutions, the proposed approach can remarkably
reduce the DPD main path and parameter learning complexity,
while tackling the linear crosstalk in the antenna array in a
very efficient manner. Specifically, the proposed DPD system
utilizes a low-complexity closed-loop learning algorithm that
allows to avoid the cross-antenna basis functions adopted and
needed in the reference works. Moreover, the performance of
the proposed MIMO DPD is shown to match or even outper-
form the state-of-the-art MIMO DPDs, while offering greatly
reduced complexity. This complexity reduction facilitates the
scaling of the proposed DPD solution to larger numbers of
antennas and PA units which is a very timely requirement
in the current 5G developments [4], [19], while still offering
high-performance linearization under antenna crosstalk.

The rest of the paper is organized as follows: In Section
II, the nonlinear distortion modeling of a MIMO transmitter
affected by crosstalk is shortly presented. Then, in Section
III, the proposed reduced-complexity closed-loop DPD archi-
tecture and the parameter learning algorithm are introduced
and described. Section IV provides a complexity analysis
and comparison of the proposed solution against the ILA-
based reference approaches. The numerical linearization per-
formance results and their analysis and discussion are provided
in Section V. Lastly, the concluding remarks are given in
Section VI.

II. NONLINEAR DISTORTION MODELING OF DIGITAL
MIMO TRANSMITTER UNDER ANTENNA CROSSTALK

Consider the digital MIMO transmitter system with L
antennas, PA units and transmit chains depicted in Fig. 1.
The baseband equivalent model of the PA output signal at
the l-th antenna branch, assuming commonly applied memory
polynomial models, and yet excluding any DPD processing
and antenna crosstalk, is given by

yl(n) =

P∑
p=1

fl,p,n ? |xl(n)|p−1xl(n), (1)

where xl(n) stands for the baseband equivalent input signal
and fl,p,n denotes the impulse response of the PA-induced p-
th order distortion term at the l-th antenna branch, while P
denotes the maximum considered nonlinearity order.

With closely-spaced antenna elements, especially in large
antenna arrays, mutual coupling between antenna branches

occurs [11], [12]. Thus, an individual PA output or antenna
signal is then contributed also by the other PA output signals
in the array. As a result, the effective or observable PA outputs
in the presence of crosstalk are expressed as

ȳl(n) = yl(n) +

L∑
i=1
i6=l

ci,lyi(n) (2)

=

P∑
p=1
p,odd

fl,p,n ? ul,p(n) +

L∑
i=1
i 6=l

P∑
p=1
p,odd

ci,lfi,p,n ? ui,p(n)

(3)

where ci,l denotes the coupling factor from the i-th to the
l-th antenna branch and ul,p(n) = |xl(n)|p−1xl(n), p =
1, 3, . . . , P are the so-called static nonlinear (SNL) basis
functions (BFs). Depending on the chosen DPD learning archi-
tecture, the crosstalk can lead to a very significant deterioration
of the linearization performance, if not properly accounted for
[13]–[17].

III. PROPOSED DPD SOLUTION AND PARAMETER
LEARNING

Building on the fundamental nonlinear array model re-
viewed in Section II, the proposed closed-loop DPD solution
is next presented. It is also shortly argued and addressed why
the ILA-based DPD learning approaches proposed, e.g., in
[13]–[16], among many others, constitute an inefficient learn-
ing architecture when the transmitter is affected by antenna
crosstalk.

A. Proposed Closed-loop Architecture

In order to suppress the nonlinear distortion of the l-th
transmitter, the idea is to generate a proper low-power but
nonlinear digital injection signal by adopting BFs with the
same structure as those shown in the first term of (3), denoted
by ul,q(n), q = 1, 3, . . . , Q, along with a proper set of DPD
filter coefficients λl,q,n such that the distortion at the PA output
is minimized. The output signal of an individual DPD unit, at
transmit path l, is thus expressed as

x̃l(n) = xl(n) +

Q∑
q=3
q,odd

λ∗l,q,n ? ul,q(n), (4)

where Q is the maximum DPD nonlinearity order. In the above
expression, filtering of the basis functions with conjugated
coefficients is adopted only for notational convenience.

Due to the fact that the PA of the l-th antenna branch
is solely excited by the corresponding digitally predistorted
transmit signal, we argue that even though the composite or
observable PA output nonlinear distortion is contributed also
by the signals leaking from the other TX chains, ”perfect” lin-
earization of the l-th PA can be achieved with the single-input
BFs ul,p(n) only, assuming that the DPD coefficients are opti-
mized and chosen properly. The basis functions ui,p(n), i 6= l
do not excite the PA at the l-th antenna branch since the
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Fig. 2. Digital predistortion based on the closed-loop learning architecture.

dominant coupling takes place at the PA output, i.e, so-called
linear crosstalk is considered. The possible crosstalk occurring
before the PAs is assumed in this work to be small and thus
neglected, which is generally a reasonable assumption given
the low power level at the PA input. Therefore, each DPD only
needs to consider the baseband signal of the corresponding TX
chain in order to achieve good linearization performance.

Importantly, the utilization of the reduced set of basis
functions, compared to ILA-based works, is enabled by the
utilization of the closed-loop DPD architecture where the
nonlinear BFs used for DPD learning are generated from the
baseband signal in the considered TX chain as shown in Fig. 2.
On the contrary, in the ILA-based reference works as shown in
Fig. 3, the nonlinear BFs used for learning the post-inverse are
generated from the observed PA output signals, extracted using
feedback observation receivers, which thus already contain the
antenna coupling effects. This results in a clear bias in the
DPD coefficient estimates [20], thus degrading the ILA-based
DPD performance unless a significantly larger number of BFs
is used. This, in turn, substantially increases the DPD main
path processing and parameter learning complexities, as will
be shown through complexity calculations in Section IV.

B. Proposed Parameter Learning Algorithm

The achievable linearization performance of the proposed
closed-loop DPD system depends largely on the actual se-
lection and optimization of the DPD filter coefficients λl,q,n.
This is addressed next. Let now zl(n) denote the baseband
equivalent signal at the output of the l-th feedback receiver,
which measures the observable linear signal and nonlinear
distortion at the output of the l-th PA, including thus also
the crosstalk. This feedback observation zl(n) can first be
expressed as

zl(n) =

L∑
i=1

gl,i(n) ? xi(n) + dl(n), (5)

where gl,i(n), i = 1, . . . , L, are the effective linear responses
from the input of the TX chain i to the output of the
considered observation receiver l. Additionally, dl(n) denotes
the total effective nonlinear distortion, observed at feedback
receiver l, that is generally contributed by not only the l-th
PA but also the others due to the coupling. We note that for
notational convenience, all the different distortion orders and
their memory-models are lumped into dl(n).
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Fig. 3. Digital predistortion based on the indirect learning architecture (ILA).

The actual error signal that is used to learn the DPD filter
coefficients of the lth DPD unit is then expressed as

el(n) =

L∑
i=1

ĝl,i(n) ? xi(n)− zl(n), (6)

where ĝl,i(n), i = 1, . . . , L, denote the estimates of the
linear responses, that can be obtained in practice, e.g., by
means of block least-squares. This error signal constitutes
an estimate of the prevailing nonlinear distortion at lth an-
tenna branch. The proposed learning methodology seeks then
to minimize the correlation between the prevailing effective
nonlinear distortion at the PA outputs and the SNL BFs,
which should intuitively result in direct and well-behaving
reduction of the nonlinear distortion. Inspired by classical
linear adaptive filtering methods [21], and particularly the self-
orthogonalized least-mean-square (LMS) learning, we express
the block-adaptive learning rule for the DPD filters of the lth
DPD unit as

λl(k + 1) = λl(k) + µR−1UT
l (k)e∗l (k), (7)

where k denotes the learning block index, µ stands for
the learning rate, R is the correlation matrix of the filter
input signal (applicable set of the basis function samples),
Ul(k) contains the considered basis function samples properly
stacked into a matrix over the learning block size, and el(k) is
the corresponding error signal vector. This parameter learning
is executed in parallel in all the DPD and learning units
in the proposed closed-loop architecture shown in Fig. 2.
Avoiding orthogonalization in the DPD main path processing
is generally favorable, as the main path processing must be
executed in real-time and thus its complexity is the dominant
issue, while parameter learning does not need to be done
continuously nor in real-time. The correlation matrix R is
deliberately expressed not to be a function of the TX path
index l, which is justified assuming that the different transmit
signals and the corresponding sets of basis functions have
mutually similar second order statistics.

IV. COMPLEXITY ANALYSIS AND COMPARISON

In this section, we provide quantitative computational com-
plexity analysis and comparison of the proposed method and
the existing ILA-based approaches. As the state-of-the-art in
ILA-based MIMO DPDs focuses mostly on dual-TX (i.e.,
L = 2) scenarios, we also assume the same here as the



baseline. Additionally, we also shortly consider the four-TX
(i.e., L = 4) case in the complexity analysis, by extending
some of the dual-input ILA-based solutions to this scenario
with crosstalk between all four antennas and PAs.

A. State-of-the-Art ILA Based Solutions

In order to linearize a MIMO transmitter under crosstalk
between two antennas, many different dual input models have
been proposed in the literature. We consider the two following
dual input polynomials as reference methods, stemming pri-
marily from the works in [14], [22]. The first one is expressed
as

yl(n) =

P∑
p=1

P−p+1∑
u=1

β1,l,pu,n ? x1(n)|x1(n)|p−1|x2(n)|u−1︸ ︷︷ ︸
Multi-input BFs 1

+

P∑
p=1

P−p+1∑
u=1

β2,l,pu,n ? x2(n)|x2(n)|p−1|x1(n)|u−1︸ ︷︷ ︸
Multi-input BFs 1

,

(8)

which is the extension of a SISO memory polynomial to a
dual input memory polynomial [14]. In the following sections,
the BFs stemming from this polynomial model are referred to
as Multi-input BFs 1. Additionally, the above expression can
be rather straight-forwardly generalized to four-input (L =
4) DPD systems, though strictly speaking this has not been
documented in the earlier literature. This case will also be
considered in the complexity analysis in section IV.B.

Another, yet more accurate dual-input model can be ob-
tained by also considering the products of the complex con-
jugate terms [22], expressed as

yl(n) =

P∑
p=1

p+1∑
u=1

p∑
v=1

αl,puv,n

? xu2 (n)[x∗2]v(n)xp+1−u
1 (n)[x∗1]p−v(n)︸ ︷︷ ︸

Multi-input BFs 2

,
(9)

In the following sections, the BFs stemming from this poly-
nomial model are referred to as Multi-input BFs 2. For this
model, the extensions to more input signals (L > 2) are
unknown, and thus only the case of L = 2 is considered.

As illustrated in Fig 3, the ILA-based DPD learning ap-
proach is based on finding the post-inverse of the PA, and
then applying it as the pre-inverse [23]. The inverse system
identification is typically done by means of ordinary least-
squares model fitting, expressed within an individual ILA
learning iteration as

λl = (AH
l Al)

−1Alxl, (10)

where λl is the vector containing the post-inverse filter coef-
ficients, xl is the vector containing samples of the PA input
signal, while Al contains the considered set of BFs generated
from the PA output signals.

Stemming from the nature of ILA-based learning, several
drawbacks compared to the proposed closed-loop DPD system
can be identified and summarized as follows:

• The fact that the PA output samples yl(n) are corrupted
by the antenna crosstalk, which can be thought of as addi-
tive noise when independent data streams are transmitted,
results in a biased estimation of the filter coefficients
λl [20]. This is known to degrade the linearization
capabilities of the predistorter [13]–[16].

• In order to provide comparable linearization performance
to the crosstalk-free case, a vast number of additional BFs
need to be considered [13]–[16]. In fact, the computa-
tional complexity of linearization can be shown to grow
exponentially with the number of antennas. Furthermore,
numerical problems can arise in the DPD estimation [18].

• Applying multi-input predistorters can also result in a
significant increase in the peak to average power ratio
(PAPR) of the PA input signals, due to the different data
streams being mixed. As a result, an additional back-
off needs to be considered in order to ensure the proper
functioning of the ILA-based DPD. This is an issue that
has not been clearly identified in the earlier literature, and
will be exposed in detail in Section V.

Consequently, the above drawbacks make ILA-based solu-
tions a much less appealing choice when seeking to linearize
MIMO transmitters in the presence of crosstalk compared to
the proposed closed-loop approach.

B. Computational Complexity

In this section, a quantitative complexity analysis is per-
formed, comparing the proposed closed-loop DPD solution
against the state-of-the-art ILA-based approaches with the
models in (8) and (9). The number of floating point operations
(FLOPs) is used as the fundamental complexity metric. The
complexity is naturally very closely related to the number of
DPD coefficients and basis functions, therefore, these numbers
are also quantified. In general, we focus on the complexity
comparison and analysis of the actual linearization processing
(basis function generation and their filtering) in the main paths
of the transmitters, as this processing is subject to real-time
processing constraints. Parameter estimation, in turn, does
not have to be performed continuously and also the involved
processing does not have direct real-time requirements.

First, for the case of Multi-input BFs 1 and considering
the case of arbitrary L, it can be easily shown that the
number of coefficients per DPD unit grows proportionally to
the number of transmit paths L, maximum nonlinearity order
Q and maximum memory depth M in the following form

NMI1 =
M + 1

(L− 1)!

L∏
i=1

(Q+ 2i− 1

2

)
. (11)

For given Q and M , the number of coefficients utilized by
the proposed closed-loop DPD and also by ordinary ILA-based
single-input DPD is obtained by setting L = 1. This is denoted



TABLE I
TOTAL COMPUTATIONAL COMPLEXITIES FOR Q = 11, M = 3 AND L TRANSMITTERS/DPD UNITS. THE NUMBER OF TRANSMIT SAMPLES PER TX

CHAIN IS 108 .

Proposed
closed-loop DPD

ILA with
Single-input BFs

ILA with
Multi-input BFs 1

ILA with
Multi-input BFs 2

BF generation (FLOP/sample) L(2NISI + 1) L(2NISI + 1) L(2NIMI1 − L) L(2NIMI2 − L)
BF filtering (FLOP/sample) L(8NSI − 8) L(8NSI − 2) L(8NMI1 − 2) L(8NMI2 − 2)
Transmission Complexity, L = 2, (GFLOPs) 39.4 40.6 284.8 475.2
Transmission Complexity, L = 4, (GFLOPs) 78.8 81.2 6852 N/A

TABLE II
NUMBER OF DPD FILTER COEFFICIENTS PER DPD UNIT

Transmit Paths L = 2 L = 4
Proposed closed-loop 24 24
ILA Single-input BFs 24 24
ILA Multi-input BFs 1 168 2016
ILA Multi-input BFs 2 280 N/A

as NSI, and expressed for clarity as

NSI = (M + 1)
(Q+ 1

2

)
. (12)

For the case of Multi-input BFs 2, and considering the case
of L = 2 for which the basis functions are known, it can be
shown that the number of coefficients per DPD is given by

NMI2 = (M + 1)

Q∑
q=1

(q + 1)(q + 3)

4
. (13)

By choosing M = 0 in (11)-(13), the number of instanta-
neous BFs of each model is obtained, and are denoted as NISI,
NIMI1 and NIMI2, respectively.

The number of coefficients utilized by the different DPD
solutions for an example case of Q = 11 and M = 3 are
gathered in Table II, covering dual-TX and four-TX cases, i.e.,
L = 2 and L = 4. As can be clearly observed, the number
of multi-input BFs is skyrocketing when increasing L, largely
preventing their utilization in practical systems. On the other
hand, the closed-loop DPD system and ILA-based approach
with single-input BFs both contain an implementation-feasible
amount of DPD coefficients, however, as it will be shown
through the numerical experiments in the next section, their
linearization capabilities differ substantially.

Assuming further a concrete example case of 20 MHz
signals with five times oversampling, which is a typical
number for DPD operation, in the order of 108 samples per
second are then processed and transmitted, per TX chain and
DPD unit. The number of FLOPS required to perform the
predistortion, i.e., generation of the basis functions and their
filtering by the different DPD solutions is illustrated in Table I.
One can clearly observe the large difference in the computing
requirements, and also conclude the ILA-based methods with
multi-input basis functions to be unfeasible for any practical
implementation.

V. NUMERICAL LINEARIZATION RESULTS

In this section, a comprehensive comparison of the lineariza-
tion performance of the ILA-based DPDs and the proposed

closed-loop solution is performed based on MATLAB simu-
lations. Following the same approach as that of Section IV,
and focusing on L = 2 case, it is considered that ILA-based
DPD utilizes either the single-input BFs or Multi-input BFs 2,
while the closed-loop solution only employs the single-input
BFs. We consider here only the Multi-input BFs 2 because they
provide better linearization performance than the Multi-input
BFs 1, at the expense of higher computational complexity. The
memory polynomial models for the involved PA units, adopted
in the simulations, are obtained from an actual set of PAs uti-
lized in a true massive MIMO transmitter. The models are 11-
th order memory polynomial models extracted from individual
USRP modules [9]. In order to expose and demonstrate the
capabilities of the proposed DPD solution when larger array
sizes are adopted, an additional array transmitter scenario with
L = 16 transmit paths, PAs and antennas is also considered
and evaluated.

The transmit waveform is OFDM-based with LTE 20 MHz
channel-like parameterization, i.e., 15 kHz subcarrier spacing,
1200 active subcarriers and adopting IFFT of size 2048 for
basic digital waveform generation. All active subcarriers are
16QAM modulated with random data symbols, and different
transmitters contain independent data signals without spatial
precoding for simplicity. Additionally, oversampling factor of
5 is adopted in the DPD processing, implying a sample rate
of 5× 30.72 = 153.6 MHz. The PAPR of the digital transmit
waveforms is limited to 8.3 dB through clipping and filtering,
prior to DPD processing.

A. DPD Performance Metrics and Results

As performance metrics, we consider the error vector mag-
nitude (EVM) and the adjacent-channel-leakage-ratio (ACLR)
to quantify the inband quality and the adjacent channel inter-
ference due to spectral regrowth, respectively, as defined in
[24], [25]. The EVM is defined as

EVM% =
√
Perror/Pref × 100%, (14)

where Perror is the power of the error signal, defined as
the difference between the ideal symbol values and the cor-
responding symbol rate complex samples at the PA output,
both normalized to the same average power, while Pref is
the reference power of the ideal symbol constellation. In
turn, the ACLR is defined as the ratio of the emitted powers
within the wanted channel (Pwanted) and the adjacent channel



(Padjacent), respectively, namely

ACLRdB = 10 log10

Pwanted

Padjacent
. (15)

The measurement bandwidth of the wanted signal is defined as
the bandwidth which contains 99% of the total emitted power.
The adjacent channel measurement bandwidth is equal to this.

Example PA output spectra when the DPD is off, and when
the ILA-based and the proposed closed-loop DPD solutions
are adopted are depicted in 4. In these evaluations, ILA-
based methods adopt 3 ILA learning iterations, each containing
100.000 samples, while the proposed closed-loop DPD adopts
20 block-level iterations with 10.000 samples in each block.
All DPDs are parameterized as Q = 11 and M = 3, while the
crosstalk level between the two antennas is set to −15 dB.

When comparing the single-input DPD architectures, the
proposed closed-loop solution clearly outperforms indirect
learning due to the ILA being biased by the crosstalk. When
the multi-input BFs are adopted in ILA, to be able to linearize
the PAs in the presence of crosstalk, the DPD learning actually
fails in this example almost completely. Due to the nature of
the multi-input BFs, multiple input signals are combined when
generating the predistorted signal. Such combination of signals
naturally increases the PAPR of the predistorted signal. This,
together with the expanding nature of the DPD, causes the
PAPR to grow clearly more than in the single-input DPDs, and
leads to the peaks of the signals being clipped by the PAs. It
is well known that ILA fails to estimate the DPD coefficients
properly in such situations, since the PA input-output function
essentially does not have a unique inverse anymore. As a
remedy, one could impose an additional input backoff, in the
multi-input ILA DPD case, however, the obtained transmit
power would not be anynmore comparable to other methods,
and hence this option is not pursued here. We will, however,
vary the input backoff for all methods systematically in the
next subsection.

The exact ACLR and EVM values for the different DPD
solutions are gathered in Table III.

TABLE III
EVM AND ACLR RESULTS

EVM (%) ACLR L / R (dB)
Without DPD 4.38 39.40 / 39.63
ILA Single-input BFs 2.12 49.84 / 51.97
ILA Multi-input BFs 2 18.51 26.59 / 26.8
Proposed closed-loop 1.76 61.99 / 60.92

B. Impacts of Crosstalk Level and Input Back-off

The linearization performance, particularly for ILA-based
methods, depends heavily on the PA input back-off (and hence
transmit power) and on the level of the antenna crosstalk.
Therefore, this section analyzes their impact on the lineariza-
tion performance when the three discussed DPD solutions are
adopted. Results are shown in Fig. 5 for three different back-
off levels, 7 dB, 7.8 and 8.5, and for crosstalk levels ranging
from -25 to -15 dB. Since the crosstalk and input back-off
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Fig. 4. Example normalized PA output spectra with and without adopting the
different DPD solutions for L = 2 transmit chains, PA units and antennas.

or transmit power have different effects depending on which
DPD is adopted, they are analyzed separately, as follows:

• ILA DPD with single-input BFs. In this case, the crosstalk
can be thought of as additive noise when generating the
BFs. This degrades the linearization performance since
the DPD filter coefficients are biased. On the other hand,
a single data stream is fed into every PA, and hence, the
PAPR is not further increased due to stream mixing. Good
linearization performance is obtained when the crosstalk
level is low, however, the performance degrades rapidly
when the crosstalk level increases.

• ILA DPD with multi-input BFs. As opposed to the ILA
DPD with single-input BFs, the coupling signal terms are
now considered in the BF generation. Therefore, the DPD
performance is not deteriorated as such due to coupling.
On the other hand, due to the DPDs feeding a stream
combination into every PA, the PAPR of the predistorted
signal is further increased. The PAPR grows as the
crosstalk increases since the coupling signals contribute
more to the nonlinear behaviour of the post-inverses. As
a result, additional back-off needs to be considered in
order to ensure proper DPD functioning, but this comes
at the expense of reduced energy efficiency and reduced
transmit power. When small back-off is considered, the
PA is being operated in such deep saturation that the ILA
is incapable of finding the inverse model. For high back-
off levels, it can provide excellent linearization perfor-
mance, but at the expense of an impractical complexity
and reduced energy efficiency.

• Closed-loop DPD. Due to the nature of the closed-loop
architecture, the BFs are not corrupted by the crosstalk,
therefore, the performance is essentially constant re-
gardless of the amount of coupling. The PAPR is not
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Fig. 5. Obtained ACLRs of the different DPD methods for varying antenna
crosstalk levels and input back-offs. Curves with circle marker, triangle marker
and no marker correspond to input back-offs of 7 dB, 7.8 dB and 8.5 dB,
respectively.

increased since there is only a single stream being fed
into every PA. Consequently, the PAs can be operated
with a higher average output power resulting in a better
energy efficiency. We note that the crosstalk is not being
compensated in the antenna signals since it is not taken
into account when modeling the hardware impairments of
the transmitter. With extremely high coupling levels, one
could argue that this could impact the MIMO channel
capacity due to potentially higher spatial correlation.
However, with practical crosstalk levels below -10 dB,
this impact is vanishigly small.

Based on the above results, analysis and discussion, the
proposed closed-loop DPD outperforms ILA-based DPDs in
all essential measures when seeking to linearize MIMO trans-
mitters in the presence of linear crosstalk. Most importantly,
it does so with feasible implementation and computational
complexity, providing a scalable solution also for larger arrays
where antenna crosstalk can be even more severe compared to
ordinary MIMO systems with, e.g., 2 or 4 transmitters.

C. Closed-loop DPD Performance in Large-antenna Array
Transmitters

In order to expose and demonstrate the capabilities of the
proposed DPD solution when larger array sizes are adopted,
we now shortly consider a more advanced transmitter system
with L = 16 transmit paths, PAs and antennas. We also assume
that there is coupling taking place among all the antenna units,
and set the mutual coupling level to -15dB between any single
antenna and all others. This is a simplification in the sense that
in physical arrays, the distance between the array elements
will most likely impact the corresponding coupling level but
is assumed for evaluation simplicity and to consider a very
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Fig. 6. Normalized PA output spectra with and without adopting the proposed
closed-loop DPD solution for a digital array transmitter system with L = 16
TX chains, PAs and antennas.

challenging case from coupling point of view. Additionally,
the DPD parameterization is the same as earlier, namely, 20
block-level iterations with 10.000 samples in each block are
adopted, while Q = 11 and M = 3.

The corresponding spectra are shown in Fig. 6. As it can
be observed, excellent linearization can be achieved despite
substantial coupling between all involved antenna units. ILA-
based solutions with multi-input basis functions would lead
to overwhelming complexity while the complexity of the
proposed method, per DPD unit, is independent of the coupling
levels and number of PAs and antenna units.

VI. CONCLUSIONS

In this paper, a novel closed-loop DPD system and cor-
responding parameter learning solutions were proposed for
linearizing digital MIMO/array transmitters under antenna
crosstalk. Existing ILA-based reference methods, with single-
input basis functions, were shown to be performance limited
due to crosstalk, while the corresponding multi-input basis
function based ILA solutions impose overwhelming compu-
tational complexity, especially when array sizes increase, and
may also need larger input backoffs. Through comprehensive
numerical performance evaluations, the proposed single-input
basis function based closed-loop DPD solution was shown
to be robust against the antenna crosstalk, and being able
to linearize smaller and larger arrays very efficiently with
feasible complexity even in the presence of strong crosstalk.
Furthermore, contrary to the ILA-based methods, no extra
back-off is needed. Overall, the proposed closed-DPD system
provides an implementation feasible linearization solution that
scales well also for larger array sizes and massive MIMO type
systems where antenna coupling levels can be substantial. Our



future work will focus on developing an RF measurement
system to assess the performance of the proposed method
through actual measurements.
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