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Abstract—The evolution of Digital Predistortion (DPD) for
Power Amplifier (PA) linearization in wireless communications
has seen a natural progression towards increasingly complex
DPD models. This complexity directly correlates with
improved accuracy in modeling PAs, thereby enhancing the
linearization performance of DPD systems. As the demand for
bandwidth and PA operation frequencies continues to rise,
there is a growing trend towards achieving higher accuracy at
the expense of increased complexity. This trend poses
challenges for DPD design, necessitating the introduction of
more complex algorithms to ensure effective PA linearization.
This phenomenon is especially apparent in Volterra Series
DPD algorithms, which are widely used for modelling
nonlinear systems like PAs. This paper showcases the steps of
reducing the modelling operations complexity of the Simplified
Volterra (SV) method. The treated SV method presented in
this paper is compared against the original SV method through
simulation. The DPD model operations complexity is evaluated
using the number of required multiplication operations. The
DPD PA linearization performance is evaluated with respective
model’s Normalized Mean Square Error (NMSE). A 57%
reduction on the number of multiplication operations is
observed in the treated SV against the original SV. Measured
NMSE is similar for both models, indicating the treated SV
model achieves this reduction in complexity without sacrificing
linearization performance.

Index Terms—digital predistortion, memory polynomial, PA
linearization, Volterra Series, wireless communications

Manuscript received January 10, 2024; revised April 30, 2024.

This work was supported in part by Universiti Putra Malaysia Grant
FRGS/2/2013/TK02/UPM/02/3 and GP-IPS/2022/9735000.

H. N. Choo is a PhD candidate of Universiti Putra Malaysia, 43400 Seri
Kembangan, Selangor, Malaysia (phone: +6016-9576835; e-mail:
eddiechoohn@gmail.com).

S. J. Hashim is a professor of Computer and Communications Systems
Engineering Department, Faculty of Engineering and Institute for
Mathematical Research (INSPEM), Universiti Putra Malaysia, 43400 Seri
Kembangan, Selangor, Malaysia (e-mail: sih@upm.edu.my).

N. A. A. Latiff is an associate professor of School of Ocean
Engineering, Universiti Malaysia Terengganu, 21300 Kuala Terengganu,
Terengganu, Malaysia (e-mail: nurul_adilah@umt.edu.my).

F. Z. Rokhani is an associate professor of Computer and
Communications  Systems Engineering  Department, Faculty of
Engineering, Universiti Putra Malaysia, 43400 Seri Kembangan, Selangor,
Malaysia (e-mail: fzr@upm.edu.my).

Z. Yusoff is a senior lecturer of Faculty of Engineering, Multimedia
University, 63100  Cyberjaya,  Selangor, = Malaysia  (e-mail:
zubaida.yusoff@gmail.com).

P. Varahram is a Research and Development Principal Engineer of
Benetel Limited, Dublin D08, Ireland. (e-mail:
pooriavarahram@benetel.com).

I. INTRODUCTION

HE rise of Digital Predistortion (DPD) as one of the

most reliable Power Amplifier (PA) Linearization
method is not surprising when it is compared against the
other PA linearization methods. DPD offers distinct
advantages, such as straightforward implementation, power
efficiency, and favourable trade-offs that lead to improved
linearization outcomes [1], [2], [3], [4], [5]-

The DPD system aims to mitigate the non-linearity effects
exhibited by the PA, encompassing amplitude distortions,
phase distortions, adjacent channel interference and the
notorious Memory Effects [6]. The non-linearity of the PA
becomes evident when it operates beyond its saturation
point, causing the output to plateau despite increasing input
signal power. Today’s communication systems, with their
escalating bandwidth demands, induce fluctuations in the
PA’s input signal power, leading to undesirable spurious
peaks and a high Peak to Average Power Ratio (PAPR) [7],
[8]. Variations in electrical thermals introduce Memory
Effects, where pass and present input signal values influence
the current output signal values at the PA. These effects
underscore the significance of DPD as an effective PA
linearization tool.

Fig. 1 shows a basic DPD block diagram redrawing from
[9]. In the DPD system, the PA input signal is fed into the
DPD function that is inversely non-linear to PA’s function.
Subsequently, the output signal from this DPD block feeds
into the PA. This sequential processing yields a linearized
PA output, mitigating distortions in both amplitude and
phase. For optimized linearizing performance, the DPD
function must closely mirror the inversed non-linearity of
the PA, further justifies the need for precise PA modelling.
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Fig. 1. Diagram of a basic DPD block linearizing the PA. The PA input is
pre-distorted with a function that is inversely non-linear with respect to the
PA’s function (Redrawing based on [9]).
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The modeling of PA nonlinearity exemplifies an
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engineering paradox: as modeling accuracy improves,
complexity escalates [10]. This trade-off is evident in widely-
used methods like the Volterra Series [11] frequently
employed for modeling nonlinear systems such as PAs.
Enhanced accuracy necessitates a substantial increase in the
number of model coefficients, leading to an exponential rise
in model operation complexity [3].

In [12], the diagonal kernels of the Volterra Series are
extracted and leads to a more efficient algorithm, known as
the Memory Polynomial (MP). Further modelling accuracy
enhancing efforts is observed in [13], where a treatment is
introduced that considers both leading and lagging elements
of the memorial point. This treatment results in Generalized
MP (GMP), a modelling algorithm structure with a greater
number of total summation branches compared to MP.

GMP introduced in [13] is subsequently expanded into
Simplified Volterra (SV) in [14], which serves as the focal
point of this paper. The objective is to refine the SV modeling
algorithm while preserving its linearization efficacy, with a
specific focus on reducing model operations complexity.

Section II of the paper describes the various DPD
algorithms, starting with Volterra Series, Memory
Polynomial (MP), Generalized MP (GMP), and finally to
Simplified Volterra (SV). The treatment of SV is shown with
the optimization steps. Section III describes the performance
metrics used to measure the linearization performance of the
treated SV algorithm against the original SV algorithm.
Ensuring equitable comparison involves matching the
number of model coefficients between the original and
enhanced models, indicating identical model sizes. The
widely used Normalized Mean Square Error (NMSE)
calculation formula is presented to assess linearization
performance. To evaluate model operations complexity, the
multiplication operations required for SV and treated SV is
each calculated and presented. Section IV presents the results
harvested together with analysis. Section V concludes the
paper and potential future research directions.

II. MODEL DESCRIPTION

A. Volterra Series

The notable Volterra Series is shown below:

y(®) =T [ [ hogerr (Tapern) TIE 2(t —

Tl) HZk}:riz Z (t - Tl)dT2k+1 (1)
where

hoks1(Toke1) =

1 (2k+1 k1, _y2kil

zzk( k )h2k+1(T2k+1)€ ~jen(Si mS )

In discrete-time domain, (1) becomes the following:

Y1) = X X Diges Poier1 (U by o Lagea) H{'(:llz(" -
WISz (= 1) (2)

The number of model coefficients in Volterra Series
increases exponentially when the model dimensions increase.

This introduces exponential increment in model complexity
when the algorithm is configured to model PAs operating in
high demand environments with high Memory Effects. This
encourages researchers to find solutions to the complexity
challenge presented.

B. Memory Polynomial (MP)

In [3], the diagonal kernels of Volterra Series are extracted,
resulted in the Memory Polynomial (MP) with reduced
complexity but with matching linearization performance.

2(n) = Thar T augx(n = Qlx(n = @I 3

Where K is the non-linearity order, Q is the memory depth,
x(n) is PA input signal, and ay, are the model coefficients

First, the input signal x(n) is replaced with the output
signal y(n), then the Least Square Method together with the
Moore-Penrose Inverse [15] is used to calculate the model
coefficients:

K
20) = Y Y agy(n - lyn - I

ko:dld =0
4)
(4) in matrix form:
z=Y-a %)
Where
z = [2(0),z(1), ..., z(N — D]" (6)
Y = [Y10: < YKor = Y10Q» ---YKQ] (7
T
Yko = [YKQ(O)tYKQ(l)r -« YkoQ (N - 1)] (8)
T
a= [alo, ...,aKo, ...,alq, ...aKQ] (9)

To obtain the model coefficients, (5) could be rewritten
as:

a= (Yconj . Y)—lyconjz (10)

C. Generalized MP (GMP)

In [13], MP is further expanded to include the lagging and
leading components of the respective input signal, with
regards to the memory depth configured in the model. This
yields the Generalized MP, shown in the equation below:

Kq—1Qq—1
Vowp () = Z > augx (= Dl — I +
=0 gq=0
Kp Qp—1 Lb
Z > Zbkqu(n—q)u(n— - DI+
Ko oot e

Z z kaqu(n —Qlx(n—q+DI¥

k=1 q=0 1=

(11)
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Where K,, , Kp, , K., Qq , @y , Q. are the non-linearity order
and memory depth dimensions respectively, and L, is the
dimension for lagging component, while L. is the leading
component model dimension. Respectively, ayq, bygm and
Ckgm are the model coefficients.

With a clear increase in model dimensions configurations
and summation branches, the GMP increases in complexity
compared to MP, but comes with improved linearization
performance, strengthening the notion where model
complexity is increased conveniently to improve PA
modelling accuracies.

D. Simplified Volterra (SV)

GMP from [13] is then further expanded into Simplified
Volterra in [14], for improvements in linearization
performance, and is coined as Simplified Volterra (SV), as
shown below:

Ka Qa
ysv () = Y aig¥n— Dlx(n =)< +
k=1q=0
Kp Qp Lp
> bgx( = @lxn—q = DI +
k=1q=01=1
Ke Qc Lc
> g = lxn— g + DI +
k=1q=01=1
Ka Qa La
DO i = x*m—q = Dlx(—q — DIF +
k=1q=01=1
Ke Qe Le
ZZZ%Z" (= ¥*(n - q + Dlx(n - q + DI
=1q=0 1=

(12)

Where K, , K}, , K., Kzand K, are the non-linearity order
dimensions. Q, , Qp , Q. , Q; and Q, are the memory depths
respectively. L, and L, are the model dimension for lagging
component, while L, and L,, are the leading component model
dimensions. Similarly, the model coefficients are a,, bigi, Ciqr»
diqrand eyg;.

E. Simplified Volterra with Binomial Reduction (SV-BR)
The optimization of SV through Binomial Reduction is
inspired by the work in [16], [17] on MP, and then in [18] on
GMP, where evidently the Binomial Reduction optimization
method could be applied in MP based DPD algorithms.
SV from (12) is rephrased into below, to have both k and q
to start from 0:

Ka=1 Qa

Y = D" aggx(n - Qlx(n— DI +

k=0 g=0

Kp—=1 Qp Lp
D) bgx(n = @lx(n - g = DI +

k=0 gq=01=1

Kc=1 Q¢ Lc

DO cqxn = @lxn—q + DI +

k=0 q=01=1
Kq=1 Qq Lq
D dix (= (=g = Dlx(n = q = DI+
k=0 =0 I=1

+

Ke=1 Qe Le

Z ZZ gt (n = Qx2(n — q + Dlx(n — g + DI+

=0 q=0Il=

(13)

The absolutes in the basis functions are expanded:

Ka=1 Qa

Y = D" Y ayex(n
k=0 g=0

—q) |x(n—

2 2
Q)real + X(TL - CI)imaLg +

Kp=1 Qp Lp

PRI

k=0 q=0l=

k+1

_Q) x(n_q_l)realz+x(n_q_l)imag2 +

Ke=1 Q¢ L¢

55 st

=0 q=0 1=
k+1

_q) x(n_q'l'l)realz+x(n_q+l)imagz +

Kq=1 Qq Lg

Z > Z diqix” (n = 2 (n —

=0 q=0 1=
k+1

_l) x(n_q_l)realz+x(n_q_l)imag2 +
Ke=1 Qe Le

D) e - axtn—g

k=0 q=0I=1

k+1

+ l) x(n —q+ l)realz + x(n —q+ l)imagz

(14)
Rearranging (14):
Ka—=1 Qq
Y@ = D" > aygx(n
k=0 g=0
2 215
- q)[x(n - CI)real + x(n - Q)imag ]2 +
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Fig. 2. Plot of Binomial Basis Function (y) in (22) against x/, when h is 3.
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Fig. 3. Plot of Binomial Basis Function (y) in (22) against x/, when h is 4.
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Fig. 4. Plot of Binomial Basis Function (y) in (22) against X/, when h is 5.

Ke=1 Q¢ L¢

PRI

k=0 q=01=1
2
- Q)[x(n —-—q—- l)real
1
+ X(Tl —-q- l)imagz]z[x(n —q+ l)real2
k
+ X(Tl —-q- l)imagz]2 +
Kqg=1 Qq Lg

D) dix - (- q

k=0 q=0Il=1
2
- l) [x(n —q- l)real
1
+ X(Tl —-q- l)imagz]z[x(n —q—- l)real2
k
+ X(Tl —-q- l)imagz]2 +
Ke=1 Qe Le

D eqx' - 0¥

k=0 q=01=1
2
+ l) [x(n —q+ l)real
1
+ x(n —-q + l)imagz]z[x(n —q + l)realz
k

+ X(Tl —q + l)imagz]7

(15)

Using the binomial theorem:
h h
Since (a + b)* = Z ('L.‘)aibh“' = Z (’il)biah—i (16)
i=0 i=0

k 2 2
Leth = P x(N = Q)rear” and b = x(N = q)imag " »
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Basis function of SV is restructured as:

24

h
— mY 420 o 42R
y=) (x~x

R h
[x(n = Drear” + X0 = Qimag’| = Z M [x(n - Substituting (24) into (21) and  (22), then to (19) and
21i ih—i =0 (20), and finally in (15), results in SV with Binomial
Dreal ] [x(n - Q)imag ] (17) Reduction below
Ka Qa
R h _ _ _ k-1
[x(n — q)realz + x(n — Q)imagz] = Z (’;) [x(n — Ysv-BR (TL) = Z Z akqx(n q)X(TL q)real +
] - i=0 k=1q=0
13 =1l
q)imagz] [x(n - q)realz] (18) Kp Qb Lp
k
Where Z Z z bkqlx(n - q)x(n -4 l)real +
h h! =1a=0t=
(l) l'(h. l)' Ke Qc L¢
DO ckqrm = x (= q + Dyea +
Restructuring (17) into the following: k=1g=01=1
h . .
Z (h) [x(n - Q)realz]L[x(n - Q)ima Z]h_‘ = &
. g *
" DI i (= x2 = g = V¥ = = Dreat®
> (= ™[] o
x(n Q)Lmag +
2h Y\ | X(n=@rea
CI)imag Z ( ) [x(n q)lma;] (19) Ke Qe Le
Z > Z exqix’ (n = x*(n = q + Dx(n = 4 + Dreat”
Restructuring (18) into the following: =1q=01=
L 2qi 2qh—i 25
Z () [x(n - Q)imag ] [x(n = Qreal ] = (25)
(n-q) Ka Q
() e = iy [ = 2 ‘&
e Yov-sr() = ) > aigx(n = DM = Dimag
h imag e
q)real Z ( ) [x(n q)real] (20) k=1q=0
Kp Qb Lp
The binomial basis function of (19) is extracted and let Z Z z beix(n — Q)x(n — q l)imagk n
s [ =reat 12 L k=1g=01=1
rea = Nx L 21
Z ( ) [x(n Q)Lmag] Zl':o(L) ( ) Ke Q¢ L¢
The binomial basis function of (20) is extracted and let Z Z Z Ckqx(m — Ox(n—q + D”"ag
=1q=0 1=
my [¥(n Q)zmag 2 _ Zh hy ..2i
Z ( ) [x(n Q)real] - i=0(i) x (22) Ka Qa la Kk
Z > 2 diqix” (n = D2 = g = D = 4 = Diag
Let =1q=0 I=
N +
i=0 k
: . s Zzzekqlx*(n_q)xz(n_q+l)x(n_q+l)imag
Equation (23) is then expanded and explored in Figs. 2 to 4 e
and summarized in Table I.
(26)
Let
TABLEI
SUMMARY OF FIG 2, 3 AND 4
When h=3 When h=4 When h=5
3 4 5
y=§:<§)x2i~x6 y=§:()le~xs y=§:<?)x2i~xlo
i=0 i=0 i=0
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In the following sections, (26) will be referred as the
treated SV: SV with Binomial Reduction (SV-BR). Based on
the binomial reduction of MP in [19], (26) is predicted to have
better linearization performance compared to (25)

III. PERFORMANCE METRICS

A. Model Coefficients

To achieve meaningful comparison between the treated
algorithm against the original algorithm, it is crucial that both
algorithms are configured with identical numbers of model
coefficients. When the two algorithms possess the same
number of model coefficients, their model sizes are identical.
This ensures the comparison of model operations complexity
remains valid, unaffected by differences in model sizes.

The model coefficients calculation of SV as obtained from
[20] is as follows:

K,(Mg+ 1)+ K,(Mp + 1)L, + K.(M,+ 1)L, +
Ki(Myg+ 1Ly + K, (M, + 1)L, 27

Similarly, the model coefficients for the treated SV
method, SV with Binomial Reduction has an identical
calculation formula as above (24).

To identify the right model dimensions, the same general
sweep method in [14] is applied, where the non-linearity
orders are swept from 1 to 8, memory depths are swept from
1 to 5, and the leading/lagging components are swept from 1
to 3.

B. Normalized Mean Square Error (NMSE)

The infamous Normalized Mean Square Error (NMSE) has
been used widely to evaluate the linearization performance of
DPD models. The predistorted output is compared against the
ideal PA output, where a lower number of NMSE (dB)
indicates a smaller magnitude of error against the ideal
output.

The general NMSE calculation formula for DPD [20] is
shown below:

Z1I¥=1|Yideal(n)—3’pd(n)| 2

NMSE(dB) = 10 log SAESE (28)
The NMSE calculation of SV is shown as:
N . _ 2
NMSESV(dB) =10 log Zn=1|3’1deal(n) Ypd(SV)(n)| (29)

Zg=1|J’ideal(")| 2

Similarly, the NMSE calculation for the treated SV
method: SV with Binomial Reduction (SV-BR), is shown
below:

2¥=1|3’ideal(n)_Ypd(SV_BR) (n)| 2
27’Y=1|Yideal(n)| 2

NMSEg,_5 (dB) = 10 log

(30)

C. Model Operations Complexity (Multiplication
Operations Calculation)

To evaluate the model operations complexity of SV, the
multiplication operations calculations equation is as follows:

No.of Multiplication Operations in SV

Kq Qq

=> > (1+3(k-1)
k=1q=0
Kp Qp Ly

33 (1+3(k)
k=1¢=01=1
Ke Qq L

+3 3> (1+30)

k=1g=01=1
Kqg Qg Lg

+> 3 > (3+3(0)

k=1q=01=1

+ZZZ(3+3(k))

k=14=01=1
_ K,BK,—1(Q,+1)

2
KpL,(3K, +5)(Q, +1)

2
KcL:(3K:+5)(Q .+ 1)

2
3K4Lq(Kq+3)(Q,;+ 1)

2
3K.L.(K.+3)(Q,+1)
2

+ + + o+

(€2))

To evaluate the model operations complexity of the treated
SV: SV-BR, the multiplication operations calculations
equation is shown below:

No.of Multiplication Operations in SV — BR
Ka Qa

=ZZ(1+1(1<—1))

k=1q=0
Ky Qp Ly
+3 3 > (1+1(0)
=m0
Ke Qc L

+ZZZ(1+1(k))

szdl q():do zL:d1
+Z ZZ(3+1(k))

k=1¢=01=1
Ke Q¢ Le

+3 3> (3+1(0)

k=14¢=01=1
= %Ka(Ka +1)(Q, + 1)

1
+ 5K, Ly(Kp +3)(Q, +1)

2

+ %I(CLC(I(C +3)(Q,+1)

1
+ 5 KaLaKa+7)(Q, + 1)

+ %KeLe(Ke +7)(Q,+1)

(32)

D. Model Operations Complexity Reduction (Savings in

Multiplication Operations)

To evaluate and quantify the complexity reductions in
model operations, the following equation is applied:

Volume 51, Issue 7, July 2024, Pages 801-812



TAENG International Journal of Computer Science

TABLEII
NMSE AND MULTIPLICATION OPERATIONS OF SIMPLIFIED VOLTERRA (SV) AND SIMPLIFIED VOLTERRA WITH BINOMIAL REDUCTION (SV-BR)

No. of C Model Operations
Method Model Dimensions Model N(l(\iABS)E M(;llt;;;illtcizggn Complexity
Coefficients P Reduction
P Ka(9) Ku(3) Ke(3) Ka(1) Ke(1)
eVl MM D 6o wm o :
Ly(1) Le(1) La(1) Le(1)
L Ka(1) Ko(1) Ke(1) Ka(1) Ke(5)
(Sﬁ?ﬁggis\ifshzﬁ)) Ma(@) My(1) M(4) M(1) Me(1) 24 -34.48 195 .
¢ Ly(1) Le(1) Lo(1) Le(1)
Simplified Volterra with Ka(1) Kp(1) Ke(1) Ky(1) Ke(4)
Binomial Reduction M.(4) My(1) Mo(2) My(2) M(1) 24 35.12 83 57.43%

(Simulated using (16)) Ly(1) Lo(1) Ly(2) Le(1)

Model Operations Complexity Reduction (%) =
(No.of Multiplication Operations in SV—
No.of Multiplication Operations in SVBR) x100

No.of Multiplication Operations in SV

(33)

IV. RESULTS AND DISCUSSION

Table II presents the linearization performance and model
operations complexity reduction results for SV and the
treated SV: SV with Binomial Reduction (SV-BR). The
results from [14] (where SV is first coined) is presented
together as a reference. The respective model dimensions are
shown, where the number of model coefficients are calculated
using (24) from [20]. The linearization performance is
presented using NMSE, while the model operations
complexity is shown using multiplication operations
calculated using (31). The reference SV from [14] uses 26
model coefficients, yields a reported -35.38dB NMSE, with a
complexity cost of 214 multiplication operations.

In this paper, the SV algorithm is simulated as per (12)
gives a yield of -34.48dB NMSE, with 24 model coefficients
and a complexity cost of 195 multiplication operations. The
simulated SV results are in near proximity of the reference
results extracted from [14], with a minor lag in NMSE,
justified by the reduced number of model coefficients and
hence number of multiplication operations.

The treated SV (SV-BR) is simulated with a set of model
dimensions that has an identical number of model coefficients
against the original SV algorithm simulated: 24. SV-BR
yields a similar linearization performance of -35.12dB in
NMSE, with a complexity cost of 83 multiplication
operations. Using (33), the SV-BR yields an improvement of
57.43% in model operations complexity reduction. The
model operations complexity reduction is achieved in SV-BR
without compromising linearization performance in terms of
NMSE and matching model coefficients against the original
SV algorithm.

The model dimensions in SV and SV-BR were swept
across values from 1 to 8 to further stress-test both models.
This results in model coefficient ranges of 1 to 200 for both
SV and SV-BR models. This ensures a fair comparison of
similar model sizes, where both models are compared using
matching model coefficient numbers, despite differences in
model dimensions. As a result, a total of 231105 SV and
264780 SV-BR simulation samples are harvested. The
following figures show various comparisons between SV-BR
against SV, on number of multiplication operations, NMSE,

improvement percentages and the cumulative average of
improvement percentages across the 200 model coefficients.

Fig. 5 shows the number of multiplication operations
against number of model coefficients for SV and SV-BR. In
Fig. 5, as number of model coefficients increases, SV-BR
requires fewer number of multiplication operations compared
to SV. This indicates savings in number of multiplication
operations, which results in reduction of model operations
complexity in SV-BR against SV.

Fig. 6 shows the best NMSE performance for SV and SV-
BR with respect to number of model coefficients. The
differences in best NMSE performance of the two models are
better represented in Fig. 7, where a positive graph bar
indicates a better performing NSME of SV-BR compared
against SV. A negative graph bar indicates the opposite,
which is where SV was performing better than SV-BR for
that respective number of model coefficient. The length of the
bar indicates the magnitude of NMSE differences in dB. In
the middle of Fig. 7, a graph line is drawn to show the
cumulative average of NMSE differences as the number of
model coefficients increases. The final cumulative average of
NMSE difference of SV-BR against SV is at -0.16dB. The
small number of NMSE difference indicates that the
linearization performance of SV-BR is similar to the original
SV algorithm.

Following the best NMSE of SV and SV-BR shown
previously in Fig. 6, Fig. 8 shows the respective number of
multiplication operations of each simulation sample that
produces the best NMSE results and is plotted against number
of model coefficients. Aligning with what was shown
previously in Fig. 5, SV requires higher number of
multiplication operations compared to SV-BR. Fig. 8§ also
shows that SV-BR requires fewer number of multiplications
operations, while capable of achieving similar linearization
performance in SV as shown in Fig. 6 and Fig. 7. The crude
visual inspection of Fig. 8 shows almost 50% reduction in the
required number of multiplication operations in SV-BR
compared to SV. This estimation is proven to be true in Fig.
9, where the percentage of model operations complexity
reduction is calculated using (33), and is plotted against
number of model coefficients. Similar to Fig. 7, a line is again
plotted in the middle of Fig. 9, where it shows the cumulative
average of model operations complexity reduction
percentage, as model coefficients increase. The cumulative
average of model operations complexity reduction percentage
is 55.38%. This value almost matches with the simulation
results presented earlier in Table 11, where both SV and SV-
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No. of Multiplication Operations against No.
of Model Coefficients for SV and SV-BR
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Fig. 5. No. of multiplication operations against no. of model coefficients for SV and SV-BR. SV-BR requires fewer no. of multiplication operations
compared to SV, as no. of model coefficients increase

BR models are ran at a similar number model coefficient
referred in [14] where SV is first coined.

V. CONCLUSION

SV from [14] is optimized and results in the SV with
Binomial Reduction algorithm (SV-BR), capable of
achieving 57% of reduction in model operations complexity,
while retaining most of the linearization performance,
evaluated through NMSE. Future SV-based algorithms could
be treated using the binomial reduction method, expecting to
be able to reduce model operations complexity, while
retaining PA linearization performance.
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