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Abstract—In this work, a complete nonlinear-transistor-model
extraction-method is described. As a case study, the AlIGaN/GaN
High Electron Mobility Transistor manufactured on SiC
substrate is modeled. The parasitic components model is
proposed, and its extraction results are presented. Low- and
high-frequency large-signal measurement data are involved in
order to produce multiple artificial neural networks. The
network topologies of multilayer perceptron networks are
established automatically. A complete learning procedure using
back propagation algorithm is described. A good agreement
between the measurement data and the model has been observed.
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I.  INTRODUCTION

During the past few years, AlIGaN/GaN devices have been
a subject of intensive investigation. Due to considerable
bandgap width they are suitable for high-frequency, high-
power applications [1]. Accurate nonlinear models are essential
to their design process. A number of models have been
developed during past two decades. The common modeling
techniques are based on closed-form equations [2]. They
provide extrapolating capabilities, however their development
is very time consuming. Furthermore, extraction of certain
model parameters often entails additional extensive
measurements. Other conventional nonlinear modeling
methods, i.e., look-up tables [3] and Volterra series [4]
typically introduce high computational and/or memory
requirements. To eliminate the aforementioned drawbacks,
some attempts [5] have been made to model the nonlinearities
with artificial neural networks (ANN).

The ANNSs provide good approximation capabilities, which
can model even strongly nonlinear behaviour. According to the
universal approximation theorem [6], there always exists a 3-
layer multilayer perceptron (MLP) that approximates any
nonlinear, continuous function with a desired accuracy.
However, the number of required neurons could be large in
some cases. Some efforts have been made to develop an
automatic  algorithm for optimal ~ANN-neuron-number
determination [7]. Since the ANN does not involve any
assumption or physical bonds, the sufficient amount of the
training data is required. Even though, it could be large for
high-dimensional problems, the model never requires any
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additional measurements as in case of the closed-form
equations and physical models.

In this paper, a complete systematic procedure of nonlinear
modelling using ANN is presented. In order to minimize the
approximation error, multiple MLP ANNSs have been combined
into one model. As a case study, the AlGaN/GaN High
Electron Mobility Transistor working as an A-class amplifier
has been modelled. The load-pull measurements of the DUT
were performed using two large signal network analysers: one
for low frequency (20 kHz — 25 MHz) and the other one for
high frequency (4 GHz) range. Voltages and currents of DC
and 10 first harmonics were measured (real and imaginary
parts) both for the gate and the drain side. In order to ensure the
data consistency, the same bias point and signal swing was
applied in both frequency ranges. Additionally, the scattering
matrix of the transistor was measured in frequency range of
300 MHz to 40 GHz using vectorial network analyser. All the
measurements were performed on-wafer on a temperature-
controlled chuck. More details on the measurement procedure
are given in [8].

The paper is organized as follows: In Section 2 the
multilayer perceptron networks are briefly described. In
Section 3 the modelling procedure is presented. In Section 4
the modelling results are shown and discussed. Finally the
conclusions are stated in Section 5.

II.  MULTILAYER PERCEPTRON NETWORK

A model of a single neuron is presented in Fig. 1. Output of
the single neuron is computed according to:

k=j
1= O wex,), (1)
k=0

where f'is called the activation function and w;, are the weights
which multiply the neuron inputs. Neurons are connected into
layers. A structure of MLP with 2 hidden layers is shown in
Fig. 2. The output values of the MLP are computed by feed-
forward propagating an input signal from the input neurons,
through the hidden layers, to the output neurons [9]. The more
layers are involved the less neurons are needed to achieve the
desired approximation error. On the other hand, more layers
mean more connections, thereby making the learning process
more resource consuming.
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Figure 1. Model of a single neuron

hidden layer output layer

input layer

Figure 2. Structure of a multilayer perceptron of type 3-4-3-2 (3 neurons in
the input layer, 4 in the first hidden layer, 3 in the second hidden layer and 2
in the output layer).

III.  MODELLING PROCEDURE

A general active-device model is shown in Fig. 3. It
consists of the intrinsic nonlinear active part surrounded by
linear parasitic components. The modeling procedure can be
described as follows:

A. Parasitics De-embedding

The linear parasitic components model is determined based
on the scattering matrix measurements. Since the large signal
measurements are performed at significantly lower frequencies,
the parasitics model has to provide extrapolation capabilities.
Thus, the ANN cannot be used. The parasitics are modeled
with the equivalent circuit model shown in Fig. 4.

The model extraction method is derived from the method
described in [10]. However, it is extended by introducing
substrate related parasitics Cgg, Rge, Cus, Rue. Additional
parameters makes the fitting target function nonlinear, thereby
the linear regression cannot longer be used. For each equation
describing the DUT a nonlinear regression model is
constructed. They are fitted simultaneously with the biggest
trust region method. The extraction results are presented in
Table I. All the values are extracted from the data measured at

the pinch-off “cold” condition (gate-to-source voltage value Vi,

Go €] nonlinear DY
active part

linear

passive part

S

Figure 3. General active device model.

= -6 V, drain-to-source voltage value V= 0 V). All the
obtained values are positive and have physical interpretation.

B.  Current Generators Modelling

The nonlinear model has to be extracted from the large-
signal measurements data. After de-embedding the parasitic
components, the reference plane is shifted to the intrinsic
nonlinear part. A black-box approach can be used, since for the
large-signal measurement data no extrapolation is required.
However, it cannot be modeled within one ANN, since the data
do not show straight-forward dependency on the stimuli.
Therefore, in order to achieve better fitting quality, the intrinsic
nonlinearities are described with the model shown in Fig. 5. It
consists of two nonlinear current generators responsible for the
drain current (/;) and the gate current (/,), and 2 nonlinear
charge sources responsible for the capacitive effects modeling.
Both, the current generators and the charge sources are
modeled with the MLP ANNs.

To minimize both the neuron and the connection number,
the 4-layer MLP are used for each ANN. In the hidden layers
the sigmoidal activation function was used, in the output layer
activation function was linear. The topology of each network
was established automatically according to [7]. The conjugated
scaled gradient algorithm was used for the network training.
The behavior of the current generators depends on the
temperature and traps state in the device, as well as on the bias
point. Trapping phenomena are frequency dependent, since
they have different time constants. However, traps gradually
stop to follow the signal swing, as the excitation frequency

Figure 4. AlGaN/GaN high electron mobility transistor parasitics equivalent
circuit model extracted at the pinch-off “cold” conditions
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TABLE L PARASITIC COMPONENTS VALUES EXTRACTED AT THE

PINCH-OFF “COLD” CONDITIONS.

Element Value

Cua 234 fF
&

Cys 156 {F
Cpe 61 fF
Ry 317 Q
Cye 70 fF
Cas 187 fF
Cpa 65 fF
Rad 338Q
Cad 114 {F
Ry 0.69 Q
R 67 mQ
R, 335Q
Ly 119 pH
L 3.47 pH
L 143 pH

2
grows. Meanwhile, at low frequencies the capacitances (and
the charge sources alike) are not pronounced. Therefore, the
current generators should be extracted from the low-frequency
large-signal data, for which the traps state can be perceived as
constant.

For the low-frequency measurements one can directly
control the DC values and the first harmonic of the voltages.
Therefore, those quantities were chosen as the ANN input. The
data was normalized to zero to one range prior to modeling, in
order to improve the approximation quality. The low-frequency
and high-frequency data were combined for the normalization
process, by subtracting the low-frequency ANN output from
the high-frequency data. Moreover, all the data were shifted in
phase so as to obtain 0° phase for the first harmonic of the V.
Without the phase normalization the data would not be eligible
for comparison, and the learning process would be disturbed.
The network can be trained either in the time domain data or in
the frequency domain. Since the frequency domain requires
less data, the spectrum approach has been chosen for modeling
purposes. Since the /, values are very small, on the brink of the
measurement system capabilities, the current generator for the
I, was not modeled. It would result in an erroneous simulation
for the high frequency data.

C. Charge Sources

Unlike the current generators, the charge sources are
frequency dependent. The impact of nonlinear capacitances is
especially pronounced at high frequencies. Therefore, the
large-signal high-frequency data should be used to model them.
Prior to charge sources modeling, the current sources have to

G" Dll

Figure 5. Equivalent circuit for the nonlinear, intrinsic elements.

464

be de-embedded. Thus, the response of the previously trained
current source ANN is determined for the high-frequency data.
Subsequently, the obtained current is subtracted from the high-
frequency current. The results again have to be normalized to
zero to one range.

As opposed to the low-frequency measurements, at high
frequencies one has no direct control of the voltage and phase.
What is more, after the de-embedding of the current generators,
the charge sources depend on all of the harmonics. As a result,
the ANN has to be trained using DC and all the harmonics of
the drain and gate voltages as the input. Drain- and gate-side
charge source networks could be fitted within single network.
However, it would result in a large weight matrix and
consequently in a very resource consuming learning process.
Although, the weight matrix can be reduced by neuron
connection removal algorithms [12], it would still put high
requirements on computational time. Data which shows similar
behavior should be fitted together in one network. Therefore, in
the first place the charge source ANNSs for drain and gate sides
were established individually. Also, the gate-to-source charge
source (Qg,) ANN was also split into two separate networks, in
order to achieve better approximation quality within the
smaller effort. What is more, the [, data shows strong
nonlinearity, which manifests itself with large even harmonics
amplitudes.

IV. RESULTS AND DISCUSSION

The 14 current generator ANNs topology is 9-9-7-7. The
drain side charge source ANN topology is 41-13-11-21. The
gate side charge source ANN topologies are 41-9-7-11 and 41-
9-7-10 for the even and odd harmonics respectively.

550 samples of the low-frequency data and 200 samples of
high-frequency data are used for the ANN training. 25 samples
of high-frequency data are used for verification. The learning
process error (E) of all the networks is shown in Fig. 6. The
error is normalized to the sample number according to the:

E=— —t.)%, 1
N;(y, ) )

where y is the ANN output, ¢ is the desired training value and N
is the number of samples. All the training processes show
convergence to the minimum error value. It can be seen that the
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Figure 6. The normalized error of the artificial neural networks as a function
of training algorithm iteration.
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smallest errors occurs for the drain-side data learning. This is
caused by the larger signal-to-noise ratio in the I,
measurements. The [, current generator ANN shows
significantly smaller training error than the charge sources
ANN:S. It may result from a better control on the instantaneous
voltage values in the lower frequencies range. The
instantaneous voltages values vary more at high-frequency
measurements, which causes the data to be less consistent.

The cross-correlation between the /; current source ANN
output and the desired training values are shown in Table II.
ANN output data correspond very well to the one used for
learning, as all the cross-correlation coefficients are above
0.98. The cross-correlation between the charge sources ANNs
outputs and the desired training values are shown in Table III.
Cross-correlation values are bigger for the drain-to-source
charge source (Q4) ANN, which is consistent with Fig. 6. The
odd harmonics approximation is worse for both of the charge
source networks. As the device behavior is strongly nonlinear,
it manifests itself in high even harmonic amplitudes. Therefore,
despite the normalization, the even harmonics are
approximated better than the odd ones.

A comparison between the verification data and the model
is shown in Fig. 7. A good correspondence between the
simulation and measurements can be observed. One must bear
in mind that the data was approximated in the frequency and
not in the time domain.

V. CONCLUSIONS

A complete procedure of nonlinear model extraction from the
large-signal measurements data has been reported. A particular
emphasis has been placed on the modeling of the intrinsic
nonlinearities with multiple artificial neural networks. The 4-
layer perceptron network with algorithm for automatic
adjustment of the neuron number was used. The learning
procedure was implemented with back propagation algorithm
called scaled conjugated gradient. Network extraction and

TABLE II. CROSS-CORRELATION BETWEEN THE ID ANN OUTPUT AND
THE TRAINING DATA.
DC 1* harmonic 2" harmonic 3" harmonic
Re [ Im Re | Im Re | Im
0.9978 ] 0.9955 | 0.9834 ] 0.9971 | 0.9822 [ 0.9938 [ 0.9851
TABLE IIIL. CROSS-CORRELATION BETWEEN THE ID ANN OUTPUT AND

THE TRAINING DATA.
Harmonic no. | Re(Qqy) Im(Qqs) Re(Qy) Im(Qy)
DC 0.9538 0.3740
1 0.9812 0.9526 0.3864 0.5161
2 0.9873 0.9612 0.9869 0.9864
3 0.6405 0.9753 0.5015 0.6511
4 0.8884 0.9229 0.9514 0.9394
5 0.6465 0.7023 0.7653 0.2684
6 0.9889 0.9935 0.7766 0.4554
7 0.5460 0.5086 0.7949 0.7941
8 0.9703 0.9823 0.7284 0.6639
9 0.8377 0.7945 0.8557 0.7599
10 0.6242 0.7379 0.9744 0.9706
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Figure 7. Comparison between data and model; (a) drain, (b) gate current.
Excitation frequency 4 GHz.

approximation improving techniques have been described. The
proposed procedure has been applied to establish the nonlinear
model for AlGaN/GaN high electron mobility transistor. A
good correspondence between the measurement data and the
simulation has been observed.
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