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Abstract—The paper presents a method for modeling strong
nonlinear effects in power amplifiers based on the principles
of density estimation. The static nonlinear transfer function is
obtained by averaging measured data. The performance obtained
with density estimation is similar to the one using high order
nonlinear static polynomial models. The benefit of considered
method over the ones using polynomial models is that the former
estimates blindly the structure of the transfer function and does
not suffer from numerical instabilities.

Index Terms—power amplifier, density estimation, power am-
plifier modeling, nonlinearities, memory polynomials.

I. INTRODUCTION

RF power amplifier (PA) modeling assists in achieving

efficient wireless networks with respect to both input power

and data rates [1], [2]. Memory polynomial fitting [2], is one

the most attractive approaches for modeling PAs since it has

been shown to be empirically accurate [2], [3] and utilizes

linear techniques for parameter identification [4]. However,

memory polynomials model the PA with a set of predefined

smooth basis and consequently require a high nonlinear order

to model strong nonlinear effects. Memory polynomial models

of high nonlinear orders suffer from numerical instabilities

which limit their practical applicability in such cases.

This paper develops a modeling technique for RF PAs ex-

hibiting strong nonlinear effects. The PA behavior is described

with a nonlinear static function evaluated through density

estimation [5]. The proposed method does not require guessing

the model structure blindly, as in memory polynomial models,

since the PA transfer function is estimated by averaging the

measured data. Therefore, the proposed method may help in

understanding the device behavior and developing suitable

modeling techniques as a result. Since the proposed method

involves averages, it is numerically robust and is suitable for

applications in digital platforms. To demonstrate the usefulness

of this technique, we apply the proposed method to model a

PA which presents strong nonlinear effects.

II. DENSITY ESTIMATION

Let us denote u(n) and y(n) as the complex baseband

measured sequences corresponding to the input and output

of the amplifier respectively, with n = 0, 1, 2, ...., N − 1.

The estimation of a static function describing the interaction

between input and output follows the principles of density

estimation [5], where the input domain is averaged to obtain

the function contribution. To this end, let I(n, i) be defined as

the indicator function which serves to discriminate the samples

that are close enough (in a Euclidean sense) to the desired

estimation point x(i) with i = 1, 2, ...., T , where T is the

number of averaging points, as:

I(n, i) =

{

1, |x(i)− u(n)| ≤ δ

0, |x(i)− u(n)| > δ.
(1)

Here, I(n, i) is a Boolean function which indicates that a

complex sample u(n) is in the vicinity of x(i), δ is the window

aperture and |·| denotes the absolute value of a complex

number. The PA nonlinear transfer function is assumed to be

static and is calculated at a complex point x(i):

f̂(x(i)) =

N−1
∑

n=0

ψ(x(i), u(n))y(n), (2)

where ψ(x(i), u(n)) is a function of the distance between x(i)
and u(n):

ψ(x(i), u(n)) = Ki (1− |x(i)− u(n)|) I(n, i) (3)

Ki is a normalization factor which makes
∑N−1

n=0 ψ(x(i), u(n)) = 1. The normalizing factor Ki is

then determined as:

Ki =
1

∑N−1
n=0 (1− |x(i)− u(n)|) I(n, i)

. (4)

From (2), f̂(x(i)) is obtained by averaging the samples

in the vicinity of x(i). The points x(i) span the domain of

the input signal. Note that the nonlinear transfer function f̂(·)
takes complex inputs to produce complex outputs. Compared

to polynomial methods for modeling PAs, density estimation

does not assume a model structure for f̂(·) and is numerically

robust. Further, it is based on averages which can be imple-

mented in sequential forms amenable in digital platforms.

III. EXPERIMENTAL

A. Setup

The measurement setup is depicted in Fig. 1. The DUT is

excited by the R&S SMU 200A vector signal generator (VSG).

The DUT is a Narda DBS microwave (DB00 - 0394) PA with

52 dB gain, a frequency range of 450 MHz to 2 GHz and a 1

dB compression point of 35 dBm. The output of the DUT is

measured using a R&S FSQ 26 vector signal analyzer (VSA).

The VSG and the VSA are connected through a PC for control.
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Fig. 1. Schematic diagram of the experimental setup deployed to perform
measurements.
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Fig. 2. Grid of the input domain for T = 100. (a) Logarithmic Grid. (b)
Linear Grid.

The excitation signal u(n) is a noise like signal with a peak-

to-average power ratio (PAPR) of 11.2 dB and bandwidth of 4

MHz. The signal was created digitally with N = 106 complex

samples uploaded to the VSG from where it is upconverted to

800 MHz to excite the PA.

B. Results

Let us denote the normalized window aperture as:

δu =
δ

max
n

|u(n)| (5)

Experimental tests were performed to set δu and T in order to

maximize the method performance. Fig. 3a plots the NMSE

versus δu in linear and logarithmic grids for T = 1600. The

grid x(i) is defined in terms of its real and imaginary parts,

x(i) = xR(i) + xI(i). For the linear grid:

xβ(i) = xo + i∆, β = {R, I} (6)

Similarly, for the logarithmic grid:

xβ(i) = sign

(

i−
T

2

)

(

1−∆|i−T

2 |
)

(7)

where xo can be any arbitrary point on the grid. ∆ and xo
were set such that the grid spans the input signal domain. The

selection of the grid can provide different results based on

f(x(i)). An example of the grids is given in Fig. 2.
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Fig. 3. (a) Selection of the normalized window aperture δu, for T = 1600.
(b) Selection of the number of averaging points T , for δu = 1%.
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Fig. 4. Magnitude of the transfer function f̂(x) over the complex input
domain.

The lowest (best) NMSE was found at δu ≈ 1%. For higher

apertures, the performance decreased due to a bias in the

estimation of f(x(i)) [6]. At lower apertures, the number of

points residing in the vicinity of x(i) are insufficient to provide

an accurate estimate of f(x(i)). In Fig. 3b, the performance

of the proposed method with δu = 1% was investigated versus

T . It can be observed that a steady NMSE was achieved for

T = 1600. Performance of the proposed method depicted in

Fig. 3a and Fig. 3b depends on the selection of the grid until

T is sufficiently large. Hence, for the subsequent results, the

proposed method was applied using a linear grid with δu = 1%
and T = 1600.

Fig. 4 depicts the magnitude of f̂(·) over the complex input

domain, compression effects can be observed at higher input

amplitudes. Fig. 5 shows the estimated phase distortion of the

PA computed by ∠(f̂(x(i)))−∠(x(i)), where ∠ denotes the

phase of the complex argument. From Fig. 4 and Fig. 5, we

can observe that f̂(x) can be approximated by a function that

depends only on the magnitude of x. This is in agreement

with [3], [7] which describe the distortions in the PA as being

envelope dependent.

The estimated model is then compared to a static polynomial

model: y(n) =
∑P

p=1 αpx(n) |x(n)|
2(p−1)

, where 2P − 1 is
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Fig. 5. Phase distortion of the PA (in degrees) over the complex input domain.
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Fig. 6. NMSE and ACEPR of static polynomial model against nonlinear
order and condition number of the regression matrix.

the nonlinear order and αp are the model coefficients.

Fig. 6 shows the NMSE and ACEPR [1] of the static

polynomial model versus nonlinear order. Improved perfor-

mance was achieved at the expense of high nonlinear order.

Therefore, the NMSE stabilized to −47 dB at nonlinear order

15, whereas the ACEPR had a plateau of −57 dB at the

same nonlinear order. Fig. 6 also depicts the condition number

with respect to the matrix inversion required to identify the

static polynomial coefficients. It can be seen that the numerical

instability of the polynomial model increased logarithmically

with nonlinear order. The proposed method reached an NMSE

of −47.7 dB and ACEPR of −60.6 dB. Thus, it achieved

similar performance as high nonlinear order polynomials in

terms of NMSE and ACEPR. However, it did not suffer from

numerical instabilities. Hence, the proposed method based on

density estimation can be considered competitive for modeling

strong nonlinearities in PAs.

Power spectral densities (PSD) of the input and output of

the PA are plotted in Fig. 7, alongside the PSDs of the modeled

output and their respective error spectra. The PA output

exhibited a considerable amount of nonlinear distortions (cf.

Fig 7). The proposed method successfully modeled the output

spectrum from the PA, as observed by a low error spectrum.
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Fig. 7. Normalized PSD for the input and output signals, model outputs and
their respective errors

The error spectrum of the proposed method and a polynomial

model of nonlinear order 15 were in agreement with each

other.

IV. CONCLUSION

We present a method for modeling strong nonlinearities in

PAs based on the principles of density estimation. The PA

nonlinear transfer function is described by a static nonlinear

function estimated by averaging measured data. Performance

of the proposed method in terms of NMSE and ACEPR is

similar to a static polynomial model of high nonlinear order.

However, the proposed method is numerically stable compared

to the high nonlinear order polynomials required to model

strong nonlinear effects.
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