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Abstract—A practical power amplifier (PA) has nonlinear
characteristics that distort the output signal and hence increase
the transmission error. Digital pre-distortion (DPD) has been
widely accepted to compensate for the PA nonlinearity. However,
in direct-conversion transmitters (DCTs), DPD performance is
affected by in-phase and quadrature (IQ) imbalance. In this
paper, we utilize the Iterative Learning Control (ILC) algorithm
to design a DPD scheme to compensate for PA nonlinearity under
IQ imbalance. We first prove that ILC is applicable in such a
scenario. This proof is validated using simulations which show
that ILC is able to estimate the PA ideal input. The estimated
ideal input is then exploited in training a neural network (NN)-
based DPD model. We provide the complexity estimation of
our proposed scheme using the number of real multiplications.
Finally, we demonstrate the performance advantage of our
proposed scheme in comparison with other existing polynomial
based approaches through simulations and measurements.

Index Terms—Power amplifier (PA), Digital pre-distortion
(DPD), Direct conversion transmitter (DCT), IQ imbalance,
Iterative learning control (ILC), Neural network (NN).

I. INTRODUCTION

At the transmitter (TX) of a wireless communications
system, the power amplifier (PA) amplify the radio frequency
(RF) signal before transmitting it by the antenna(s). PAs
ideally should have a linear memoryless input-output char-
acteristic. Practical PAs, however, have a limited dynamic
range outside of which they exhibit nonlinear characteristics.
When the input signal to PA is outside the linear region, the
PA distorts the output signal and the transmission error rate
increases. One possible solution is to reduce the input signal’s
power to stay within this linear region, but this leads to power
efficiency degradation [1].

Digital pre-distortion (DPD) has been proposed as another
method to address the nonlinearity problem [2]. It is employed
to process the baseband signal. DPD’s function approximates
the inverse function of the PA’s non-linearity thus the compos-
ite overall characteristic curve is linear. There are two main
DPD structures, direct learning architecture (DLA) [3] and
indirect learning architecture (ILA) [4]. In DLA, the PA model
is estimated before inverting it to estimate the coefficients of
the DPD. It has a complex structure and converges slowly
relative to the ILA [5].

On the other hand, ILA skips the model inversion process.
The core idea of ILA is based on Schetzen’s work in [6], which
demonstrated that for a nonlinear system, both the pre-inverse

and the post-inverse of p-th order are identical if this system
generates at most p-th order of nonlinear components. In
ILA, the post-inverse nonlinearity is identified by exchanging
the output and the input of the PA before performing the
identification process, then the coefficients of the post-inverse
are copied to the DPD to pre-distort the input of the linearized
PA. ILA performance is limited by both noise and high
nonlinearity order [4]. Although noise can be neglected in high
output power applications like macro-cell base stations, it is
not the case for low-power applications like small-cell base
stations where a biased solution is obtained. Additionally, for
high nonlinearity-order PA, the Schetzen condition is violated
and the mismatch between the pre-inverse and post-inverse
results in a sub-optimal solution [7]. In practice, ILA is
commonly used due to its lower complexity than DLA.

Recently, an iterative algorithm for DPD design that is
called iterative learning control (ILC) is proposed [7]. Unlike
DLA and ILA, ILC does not estimate the DPD coefficients
directly. Instead, it estimates the optimal input to the PA that
will result in the desired linearized response. After specifying
this optimal signal, the DPD model can be designed to distort
the original input signal to the optimal one before passing it
through the PA. Let us use the low-pass equivalent baseband
signal representation and define all signals over a finite discrete
time window n ∈ [0, N −1], where N is the maximum length
of the samples in the processing window. Moreover, let us
point to the n-th sample of the PA’s input and output at the k-
th iteration by uk(n) and yk(n), respectively. By denoting the
n-th sample of the desired signal by yd(n) = Gu1(n) where
G is the PA linear gain, and referring to the error signal at the
k-th iteration by ek(n) = yd(n) − yk(n), the vector form of
the ILC’s learning equation will be

uk+1 = uk + γek (1)

where uk = [uk(0), uk(1), ..., uk(N − 1)]T , ek = [ek(0),
ek(1), ..., ek(N − 1)]T , and γ is the matrix that controls the
convergence speed of uk+1 towards the optimal input uopt.
Once uopt is specified, DPD coefficients can be estimated
using the various non-linear mathematical models. ILC scheme
has proven to achieve better linearization performance than
DLA and ILA [7].

Besides PA nonlinearity, the signal is subject to other im-
pairments that are related to TXs architectures. Actually, there



are two typical TX architectures: direct conversion transmitter
(DCT) and intermediate frequency (IF) conversion heterodyne
architecture [8]. DCT uses a quadrature modulator to up-
convert the IQ data directly to the radio frequency (RF). DCT
is simpler and more cost-effective than the heterodyne, hence
it is more commonly used in many wireless systems. However,
it introduces the IQ imbalance problem. This imbalance may
severely impact systems which use higher-order modulated
waveforms and/or wider bandwidth signals, making the PA
nonlinearity compensation even more challenging [9].

Traditionally, PA nonlinearity and IQ imbalance are miti-
gated separately using two independent blocks [10], [11]. But
this leads to considerable extra RF hardware at the TXs. In
[9], a polynomial based model was introduced to treat the
combined effect as a unified block. Although this reduces
the RF hardware, the computational complexity is increased.
Moreover, it can only model a mildly nonlinear system due to
the condition number problem that is relevant to polynomial
based models [12].

In [12]–[14], Neural Networks (NNs) have been proposed
to jointly model IQ imbalances and PA distortions. NN not
only provides a unified view for the TX impairments but
also overcomes the condition number problem. Moreover, it is
more flexible in terms of its structure and saves computation
resources. However, due to the ILA architecture, both NN
and polynomial-based design still achieve sub-optimal perfor-
mance in severe non-linearity. Thus, we are motivated to apply
ILC to mitigate such combined impairments in DCT.

In this paper, we propose an ILC-based solution to com-
pensate for the combined effect of PA nonlinearity and IQ
imbalance. At first, we will prove that the ILC approach
can mitigate the PA nonlinearity even though IQ imbalance
existence. Then, we design an NN-based DPD which achieves
comparable representation performance with lower complexity
than polynomial based approaches.

The rest of the paper is organized as follows: the DCT
impairments and polynomial-based DPD models are reviewed
in Section II. Then, the proposed ILC-supported DPD is
presented in Section III. The complexity of our proposed
scheme and other polynomial approaches is illustrated in
Section IV. The simulation results are reported in Section V.
Finally, conclusions are provided in Section VI.

II. SYSTEM MODEL AND DPD MODELS

We depict the DCT structure in Fig. 1. For ideal modulator,
the complex gains of the parallel IQ paths are fixed and equal
while the phase difference is 90o. However, in a practical one,
there is gain mismatch and phase imbalance, resulting in IQ
imbalance. The transmitted signal quality is affected by this
imbalance. At the modulator output, the impaired signal v(t)
can be represented as

v(t) = I(t) (1 + µ) cos
(
ωct− θ

2

)
−Q(t) (1− µ) sin

(
ωct+ θ

2

)
(2)

where I(t) and Q(t) are the IQ components of the input
baseband signal u(t) (i.e. u(t) = I(t) + j Q(t)). µ and θ

Fig. 1. Simple model of DCT

represent the gain and phase imbalances, respectively, and
ωc is the angular frequency of the carrier. In [15], authors
introduced an expression for the digitized complex-valued
impaired baseband signal v(n) as follows

v(n) = αu(n) + β u∗(n) (3)

where
α = cos(θ/2) + j µ sin(θ/2)

β = µ cos(θ/2) + j sin(θ/2)
(4)

From (3), it can be noticed that v(n) consists of two parts,
the weighted baseband sampled signal u(n) and its weighted
complex conjugate u∗(n) which also called the image interfer-
ence. The complex coefficients α and β are used to calculate
the Image Rejection Ratio (IRR) Γ which reflects the effect IQ
imbalance. Γ= 20 log10 |β/α| and is typically between −40 to
−20 dB [16]. In an ideal balanced modulator, we have µ = 0,
θ = 0o, α = 1 and β = 0, hence Γ = -∞. Finally, the modulator
output signal v(n) passes through the PA whose non-linearity
will accentuate the IQ imbalance further. The signal at PA
output port is written as

y(n) = GfPA(v(n)) (5)

where fPA(·) is a function that describes the PA nonlinear
characteristics and G is the linear gain.

PAs can be categorized into memoryless or non-
memoryless. In memoryless PAs, the output is dependent on
the instantaneous input only, while in non-memoryless PA,
it depends on both the current and previous input samples.
Power series is commonly used to model memoryless PAs,
while the Volterra series has been accepted for modeling both
nonlinearity and memory effect in non-memoryless PAs [2].
However, due to the high complexity of the Volterra model,
alternative approaches have been designed by extracting a
specific number of features from the original Volterra model.
For instance, the memory polynomial (MP) model only makes
use of memory and power terms hence it has lower complexity
than Volterra. MP, however, has no cross-terms where samples
from different time instants are multiplied with each other. The
general memory polynomial (GMP) model fixes this issue by
including these cross-terms when necessary [17]. The output
of MP and GMP models are described as follows

yMP(n) =

M∑
m=0

P∑
p=1
odd

amp u(n−m) |u(n−m)|(p−1) (6)



yGMP(n) =
M∑
m=0

P∑
p=1
odd

amp u(n−m)|u(n−m)|(p−1)

+

M∑
m=0

P∑
p=3
odd

L∑
l=1

(
bmpl u(n−m)|u(n−m− l)|(p−1)

+cmpl u(n−m)|u(n−m+ l)|(p−1)

)
(7)

where M , P and L are the memory depth, the nonlinearity
order and the depth of cross-terms, respectively. a, b and c
are complex-valued coefficients of the models. Also note that
for both models, only odd terms are considered [18] and for
GMP in (7), only causal terms are considered. However, both
models can not compensate for the IQ imbalance. In [9],
augmented versions of MP (AMP) and GMP (AGMP) have
been proposed to mitigate both effects of PA nonlinearity and
modulator impairments. Both AMP and AGMP have parallel
structures and consist of two terms as follows

yAMP(n) = yMP(u) + yMP(u∗) (8)

yAGMP(n) = yGMP(u) + yGMP(u∗) (9)

where the second terms are the original polynomial models
when the input is u∗(n). The output of the polynomial models
in (6), (7), (8) and (9) is a linear combination of powers and
cross-products of the input samples, hence the least square
(LS) method is used to estimate their coefficients. However,
they have notable weaknesses. For instance, in severe nonlin-
earity scenario, the accuracy of the identified coefficients is
affected by the condition number problem [12]. The condition
number is used to indicate the stability of the LS solution
against noise. If this number is high, even a small perturbation
in the output vector may cause a large error in the estimated
coefficients. This number is highly dependent on the regression
matrix; hence increasing the number of polynomial terms will
not always improve the compensation performance due to the
high correlation between the bases of the Volterra series.

As a strong competitor, a dynamic model of NNs called
Real-Valued Time Delay Neural Network (RVTDNN) has
proven its efficiency in modeling not only the PA nonlinearity
but also its memory effect [12]–[14]. It is immune to the
condition number problem and has a flexible structure that
can be modified until the desired performance is obtained.

All aforementioned models either polynomial based or
NN based, are applicable for PA modeling as well as DPD
design. As we introduced in Section I, for DPD design, all
these models employ ILA architecture which achieves sub-
optimal performance. The superior performance of ILC in
compensating PA nonlinearity has motivated us to study its
performance under the IQ imbalance in DCT.

III. NN-BASED DPD SUPPORTED BY ILC

Although ILC has proven its proficiency in mitigating the
PA nonlinearity in [7], its performance has not been studied
under the IQ imbalance. In this section, we will propose our
NN-based DPD that is supported by the ILC algorithm. As
shown in Fig. 2, we divided our proposed scheme into three
phases: ILC phase, NN training phase, and steady-state phase.

Fig. 2. Block diagram of the NN-based DPD supported by ILC algorithm

Unlike traditional ILC which is applied only on the PA block,
in our ILC phase, the ILC algorithm will be applied to our
system which is composed of the IQ modulator and PA block.
Let us assume that the vector form for initial input (k = 1) of
the ILC is u1 = yd/G, where yd is the desired output signal.
Thus, the ILC algorithm can be described as follows

Algorithm : ILC for joint PA nonlinearity and IQ imbalance mitigation
Input: yd
Output: uopt

1 : Initiate u1 = yd/G
2 : for k = 1 to max iterations do
3 : yk = f(uk,u

∗
k)

4 : ek = yd − yk
5 : if

∑
||ek||22 < err desired then

6 : break;
7 : else
8 : uk+1 = uk + γek
9 : end if
10: end for
11: return uopt = uk

By representing the IQ imbalanced signal in terms of IRR
Γ, the vector form of our ILC system will be

yk = F s(uk + Γu∗
k) (10)

where yk = [yk(0), yk(1), ..., yk(N − 1)]T and F s(.) is the
vector-valued function that is expressed as follows

F s(uk + Γu∗
k) = [f0(u0

k + Γu∗
k
0), ..., fN−1(uN−1

k + Γu∗
k
N−1)]T

(11)
where un + Γu∗n = [u0 + Γu∗0, ..., un + Γu∗n]T and fn(·)
is the causal function that models the nonlinear function
connecting (unk+Γu∗

k
n) to the output yk(n). The vector form

of the error signal at the k-th iteration is

ek = yd − F s(uk + Γu∗
k) (12)

where yd = [yd(0), yd(1), ..., yd(N − 1)]T . From (10) and
(12), the error signal at the (k+1)-th iteration is

ek+1 = yd − F s
(
uk+1 + Γu∗

k+1

)
= yd − F s (uk + γek + Γ (u∗

k + γe∗k))
(13)

Assuming the continuity of F s over its region of interest,
the first-order Taylor series can be used to approximate
F s (uk + γek + Γ (u∗

k + γe∗k)) in (13) as follows

F s (uk + γek + Γ (u∗
k + γe∗k)) ≈ F s (uk + Γ (u∗

k)) +

JF s,uk
(uk + Γ (u∗

k)) γek + JF s,u∗
k

(uk + Γ (u∗
k)) Γγe∗k

(14)



where JF s,uk
(.) is the NxN Jacobian matrix of F s with

respect to uk

JF s,uk
(uk + Γu∗

k) =

[
∂fi
(
uik + Γu∗

k
i
)

∂uk(j)

]
ij

(15)

where i, j ∈ [0, N − 1]. According to [7], and considering
memoryless PA, (15) can be simplified as a diagonal matrix
JF s,uk

, where the i-th diagonal entry of the matrix, [JF s,uk
]ii

can be expressed as

[JF s,uk
]ii =

∂fi (uk(i) + Γu∗k(i))

∂uk(i)

=
∂fi (uk(i) + Γu∗k(i))

∂ (uk(i) + Γu∗k(i))

∂ (uk(i) + Γu∗k(i))

∂uk(i)

(16)

Therefore, the second term in (14) becomes;

[JF s,uk
]ii γek =

∂fi (uk(i) + Γu∗k(i))

∂ (uk(i) + Γu∗k(i))
γek (17)

while the third term becomes;[
JF s,u∗

k

]
ii

Γγe∗k =
∂fi (uk(i) + Γu∗k(i))

∂ (uk(i) + Γu∗k(i))
Γ2γe∗k (18)

where Γ has a typical value of 0.1 (−20 dB) in the worst
case. Therefore, the third term in (14) can be neglected as
it provides a negligible contribution. Consequently, (14) has
the same form as the corresponding expression in [7], which
guarantees the convergence to the right solution. This proves
ILC ability for estimating the PA ideal input even in case of
IQ imbalance.

It is worth mentioning that based on the type of γ, there
are three versions of the ILC learning algorithm, Newton-
type, instantaneous gain, and linear gain [7]. The last two
versions are less complex than the first one as they use a
diagonal matrix of instantaneous gain and a constant gain,
respectively, to update uk+1. Thus, less PA’s information
is required during learning algorithm design. The beauty of
using ILC in our proposal is that it applies to all types of
PA. Moreover, the convergence of ILC is independent of yd.
Hence, the convergence of uk+1 to uopt is always guaranteed,
regardless of the value of yd.

After estimating the optimal input uopt, the training phase
is started by exploiting both yd and uopt in identifying and
training the DPD model. Among the different DPD models,
RVTDNN has been used due to its capability of modeling high
nonlinearity effects. During training, the real and imaginary
parts of NN’s input vector xin and output zout at instant n
are denoted as

xin,I(n) = <{yd(n), yd(n− 1), ..., yd(n−M)}
xin,Q(n) = ={yd(n), yd(n− 1), ..., yd(n−M)}

(19)

and
zout,I(n) = <{uopt(n)}
zout,Q(n) = ={uopt(n)}

(20)

where M is the maximum delay of the NN model. Finally,
in the steady-state phase, the trained NN has been exploited

to pre-distort any input signal to its ideal version of PA input
before passing it through the PA to get the desired linearized
output.

IV. COMPLEXITY OF THE DPD MODELS

Nonlinear model’s complexity increases with the number
of the coefficients. Furthermore, in most implementations,
multiplications are more expensive than additions, as they
cause higher latency and require more on-chip area and power
[19]. In this section, we are interested in considering the
complexity of the models in the steady-state phase. In contrast
to previous papers that only focus on the number of complex
coefficients as the main parameter for comparison, we estimate
the number of real multiplications for polynomial-based and
NN-based DPD models, respectively.

For AMP model, by considering only odd terms, the overall
number of complex coefficients ηAMP is

ηAMP = (M + 1) (P + 1) (21)

By assuming 3 real multiplications for each complex multipli-
cation, the total number of real multiplication ζAMP becomes

ζAMP = 3 ηAMP +

P∑
p=3,
odd

1

2
(p+ 9) (22)

where the second term reflects the real multiplications’ num-
ber that is needed for calculating both u(n)|u(n)|p−1 and
u∗(n)|u∗(n)|p−1 as indicated in (8). These regression terms
are computed once at given instance n over p then de-
layed by m. It is noticed that |u∗(n)|p−1 = |u(n)|p−1 =
(<(u(n))2 + =(u(n))2)

p−1
2 since p is odd, this will require

(p−1
2 + 1) real multiplications before being multiplied by the

complex values u(n) and u∗(n) which add 4 additional real
multiplications.

Similarly, for AGMP model, ηAGMP and ζAGMP are calcu-
lated as follows

ηAGMP = (M + 1)(P + 1) + 2(M + 1)(P − 1)L (23)

ζCGMP = 3ηCGMP + (1 + 2L)

P∑
p=3,
odd

1

2
(p+ 9) (24)

On the other hand, in our proposal, the ILC loop and
NN training phase can be performed intermittently over a
predefined length of training data periodically, or in case of
performance drop. In such a scenario, the subsequent training
after the first one will converge faster as it will use the
previously trained coefficients as a start point [20]. Therefore,
in (25), we focus only on NN complexity in the steady-
state phase. Moreover, more interest is paid for the number
of weights while biases are neglected. Assuming two hidden
layers NN model, where the number of neurons for each layer
is r and q, respectively, the number of real multiplications ζNN

will be
ζNN = 2(M + 1)r + rq + 2q (25)



V. SIMULATION RESULTS

In this section, our proposal’s performance is tested by
comparing it with both AMP and AGMP. The measurements
are obtained using the RF WebLab platform. This platform
allows evaluation of DPD algorithms remotely [21]. It uses a
GaN PA operating around 2.14 GHz and its peak output power
is 6 W. The core idea behind RF WebLab and its current setup
is described in detail in [21] and [22]. We use their MATLAB
API to evaluate our proposal using the OFDM signal that is
modulated using 16 QAM and has 20 MHz bandwidth. It
consists of 1200 subcarriers, each separated by 15 kHz, and
the FFT length is 2048. The baseband signal is sampled at
200-MHz. This is relatively similar to LTE signals. For the
result, the RMS PA output of RF WebLab is set to -24 dBm
where it is in saturation. Moreover, the Peak to Average Power
Ratio (PAPR) equals 9.8 dB that causes high nonlinearity and
makes pre-distortion a challenging task. For the IQ imbalance,
we set the gain mismatch µ = 5% and the phase imbalance
θ = 5o.

To evaluate the out-of-band performance for the various
DPD models, adjacent channel power ratio (ACPR) reflects
the reduction in spectrum regrowth. It can be calculated as
follows

ACPR = 10 log10

Padjacent

Pchannel
(26)

where Pchannel and Padjacent are the signal power at the
main, and the adjacent channels, respectively. Furthermore, to
evaluate the in-band performance, the normalized mean square
error (NMSE) reflects the integrity of the transmitted signal
and it can be calculated as follows

NMSE = 10 log10

(∑N−1
n=0 |yd(n)− y(n)|2∑N−1

n=0 |yd(n)|2

)
(27)

where y(n) and yd(n) are the actual and the desired output at
PA, respectively.

For a fair comparison, we kept the memory length of the
DPD models constant (M=3), while other parameters like
P,L are adjusted to increase the models’ ability to mimic
the nonlinearity. For the NN-based DPD model, it consists of
four layers with 8-18-18-2 number of neurons in each layer.
Moreover, we use the hyperbolic tangent sigmoid “tansig”
function as the activation function for the hidden layer, and
Levenberg-Marquardt backpropagation is used as the training
algorithm. The complete parameters of the different DPDs are
listed in Table I.

In Fig. 3, we show the power spectral density (PSD) of
the different outputs of the PA under various linearization
approaches. The PA’s output in the absence of DPD and the
output of the ILC algorithm in the first phase of our proposal
are also considered. Moreover, Table I shows a complete
comparison in terms of NMSE, ACPR, η and ζ. Compared
to ILA-AMP, ILA-AGMP has the advantage of cross-terms
that improve the NMSE by 2.35 dB. However, these terms do
not greatly improve the ACPR as displayed in Table I. On the
other hand, the high capabilities of NN in DPD design are
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Fig. 3. PSD of the original input, PA’s output signal without DPD, the output
of the ILC algorithm, PA’s output using ILA-AMP, PA’s output using ILA-
AGMP, PA’s output using ILA-NN and PA’s output using the ILC-NN, under
gain mismatch µ = 5% and phase imbalance θ = 5o.

TABLE I
SUMMARY OF THE LINEARIZATION RESULTS

DPD model DPD parameters NMSE (dB) ACPR (dB) η ζ
without DPD - -21.74 -37.36 - -

ILC - -35.36 -46.22 - -
ILA-AMP M= 3, P= 11 -27.95 -40.50 48 184

ILA-AGMP M= 3, P= 11, L= 1 -30.30 -40.73 128 504
ILA-NN M= 3, r= 18, q= 18 -31.00 -42.10 504 504
ILC-NN M= 3, r= 18, q= 18 -32.75 -43.49 504 504

obvious when ILA-NN is compared with both ILA-AMP and
ILA-AGMP. Although all these models are trained using the
same data sets (i.e. by swapping the input and output of the
PA), ILA-NN reduces the NMSE by 3.05 dB and 0.70 dB, and
improves the ACPR by 1.60 dB and 1.37 dB, in comparison
with ILA-AMP and ILA-AGMP, respectively.

The ILC algorithm produces the best possible linearized
output in the first phase of our proposed scheme. This complies
with our proof in Section III that the ILC can combat the
joint effects of IQ imbalance and PA nonlinearity. However,
it would be a complex task to perform the ILC loop for each
new input signal in the steady-state phase due to the delay
caused by the iterative process. Therefore, our NN has been
trained using the output of the ILC algorithm in the training
phase. The trained ILC-NN model is then exploited in the
steady-state phase to pre-distort any new input signal to its
optimal input to PA. The PA output is hence highly linearized
and approaches the ILC output. It is worth mentioning that
the ILC output represents the performance upper bound and
the ILC-NN performance is highly dependent on the used
NN structure. Using the same NN structure, the proposed
ILC-NN improves the NMSE by 1.75 dB and the ACPR
by 1.39 dB in comparison with ILA-NN. From Table I, at
the same running complexity of 504 multiplications per time-
domain input sample, both ILA-NN and ILC-NN have better
performance than ILA-AGMP. This is due to the condition
number problem that causes the saturation of the polynomial
models performance [12].

Eventually, the Symbol Error Rate (SER) performance in
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Fig. 4. SER performance of the different DPD approaches

AWGN channel is compared in Fig. 4. The baseline curve
for the original signal u(n) without impairments (i.e., without
either IQ imbalance or PA nonlinearity) is drawn in a dotted
dark blue line. ILA-AGMP achieves better SER performance
than ILA-AMP due to its incorporation of additional cross
terms. The ILC SER approaches the baseline. This is expected
as the ILC gives the upper bound of the ILC-NN. Our proposed
ILC-NN also outperforms the ILA -based designs.

VI. CONCLUSION

We have proposed an ILC-NN DPD scheme for joint
mitigation of PA nonlinearity and IQ imbalance in direct-
conversion transmitters. The proposed design is implemented
with three phases, ILC phase, NN training phase, and steady-
state phase. We have proved the effectiveness of ILC for
joint mitigation of PA nonlinearity and IQ imbalance. We
have then applied Real-Valued Time Delay Neural Network
(RVTDNN) in DPD design to overcome the condition number
problem in polynomial based models. Finally, in the steady-
state phase, we use the trained RVTDNN to pre-distort the
input signal of our system. Through the complexity analysis
and simulation, we have shown that at similar-level complexity
of ILA-AGMP and ILA-NN, our proposed scheme achieves
better performance in terms of ACPR, NMSE and SER.
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