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Abstract: In this paper, an improved modeling based on Elman neural networlpreg®sed to analyze the nonlinear features of
nonlinear circuits with the memory effect. The input vector of the hiddeerlayneural network is normalized to enhance the neural
network convergence precision. A group of Chebyshev orthogoasis functions was employed to activate hidden layer neurons.
Computer simulation results of the nonlinear power amplifier (PA) havevstibat the proposed behavioral modeling not only
accurately describes the nonlinear distortions of PAs, but also welltdepamory effect of PAs. And, the proposed approach could be
also applied to analyze linear circuits and RF power amplifiers.
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1 Introduction gradient descent algorithm was derived to train the

. . . ) connecting weights of improved ENN to enhance learning
As a kind of nonlinear circuit, The output transistors of ability of model and raise its convergence speed.

Class-D power amplifiers (CDPAs) operate in the ohmic\merical simulation results have shown that the

and  cutoff regions, therefore, ~the  CDPAS jmnraved model could well describes the nonlinear
nonlinearity [, including the harmonic distortion and the ¢a5t1res of PA circuits.

intermodulation distortion (IMB) Z, 3], is very serious.
This switching-mode PA can also provide high efficiency
at RF and microwave frequencies. 2 The Basic Elman Neural Network

The behavioral modeling4] is an effective way to
study PAs nonlinear characteristics. Currently, the mainyg architecture of basic Elman neural network (BENN)
PAS behavioral modeling with the memory effect is [6] is illustrated in Fig. 1. The BENN model is composed
\olterra series methodb]. Since many of the coefficients  ¢'¢o layers. The input layeu; (K), (r = 1,2,...,R) , has

in olterra series model, it is difficult to use in practical g noges It accepts the input variables and transmits to the
applications. Thus, there have been various improved PA$)ijden layer. The hidden lay&(k), (j =1,2....,L), hasL

models based on Volterra series. . odes and contains the transfer functidip). The context
Because the neural networks (NNs) can be provide ayerx¢(k), (I = 1,2,...,L) is the feedback loop of hidden

with a good approximation for nonlinear functions and |ver andit has neural nodes, too. The output layer has
systems, the modeling methods of PA based on NNs are Jyas and the outpyi(k), (M= 1,2,...,M), is the linear

being taken seriously6f8]. In order to research the .4 pination of the hidden layer output.

distortion behavior of nonlinear PAs, an improved

modeling based on Elman neural network (ENN) was y(K) = W3(K)F (k) (1)
proposed in this paper. A group of Chebyshev orthogonal

basis functions 9] instead of sigmoid functions were

employed as the activation functions of hidden layer. The F (k) = f[P(K)] 2)
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The Chebyshev functions are used to Chebyshev
P(k) = W2(K)u-+W*(k)X°(k) (3)  Functional Neural Network ind]. To raise learning speed
and enhance convergence precision of behavioral model
c of PAs, a group of Chebyshev orthogonal polynomial
X*(k) = F(k—1) 4) functions were used to activate the hidden layer neurons
Where W3(k) is the L x M dimensional weight matrix instead qfsigmoid functions in Elman neural network._
from the hidden layer to the output layai2(K) is the The input of Chebyshgv orthogonal basis functions
R x L dimensional weight matrix from the input layer to [13] is defined within the interval [-1,1]. Therefore, the
the hidden layet?(k) is the L x L dimensional weight input vectorP(k) has to be appropriately normalized.
matrix from the context layer to the hidden laykis the _

number of the iteration steps aridp) usually represents P(k) = P(k)/max[abs(P(k))] (6)
the sigmoid function.
Because training and convergence speed of BENIN | F(k) = f[FT(k)} @)

are usually very slow and it is not suitable for time critical

applications, some improved models base on Elman neural Wheremax[abs(P(k))] is the maximum absolute unit
network have been proposed recently and certificated tof the input vector in hidden layelR(k) is the normalized
have some advantages over the BENIY, [2]. input vector of hidden layer.

3.2 Training Algorithm
(k) k)
In improved ENN, a supervised learning is used to train
the connecting weights of improved ENN based on the
Output Layer gradient descent algorithm. The BP algorithm is applied
to adjust parameters of improved ENN by using the
training patterns. By recursive algorithm of the chain rule
Activation Function: the iteration relationships of connecting weights of
| improved ENN to the corresponding layers are then
given.

Assume that the desired system output vector is
Y(k) = Y1(K),¥2(K),...,ym(K)]" and the proposed model
output vector ig/(k) = [y1(K),y2(K), ...,ym(K)]". The error
functionE(K) [10] can be defined as:

Hidder Layer / (P) = l1e?

E(k) = %[V(k) ~Y(K)]T (k) — y(K)] (8)

Demonstrate the partial derivatives of the connecting
Fig. 1: The architecture of BENN weightsW3(k), W2(k), andW?(k) by means of the error
functionE(k), respectively. The improved ENN's training
algorithm is expressed by the gradient descent
algorithm P].

3 TheImproved Model Based on ENN AW (K) =1n1S [Om(K)Way; (K)]OFj (k) /owd (k) (9)

3
M=

3.1 The Chebyshev orthogonal basis function

AW (K) = 12 (K)ur (k) (10
According to the Chebyshev recursive formula, the
Chebyshev orthogonal polynomials are expressed as AWrSnj(k) = Nadm(K)F;(K) (11)
with
fi(p) =1 (k) = Yim(k) — Ym(K) 12)
fa(p) = p e el
' =l=b=2 )
: Ai(K) =S [Bn(WS, (K)]f: () /maxe<i< (|pj(K)]) (13)
f12(p) = 20f511(P) - 5(p) i(k) ”;[ (k)W (K] 5 () /mexa<j <L (|pj (K) )
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Vpp= 30V
OF; (K) / Triangular Signal
St = O k=1)/meaci(p(k))  (14)  Anplinde AV3-96V .
i () Frequency: f3=40kHz _\ IRF9330 ~
- oy - * Pulse Width | ¢ F‘ : y
It has to be noticed that;(.) in equation (13), (14) ulse Width | N
denote the first derivative of the first category Chebyshev Modulator J omt ¢ | $p
orthogonal basis functions); , n2 and ns represent the J REs0 102n) 20k

learning rate of the connecting weights.

In order to well analyze the error of system output and
improved ENN output, the time domain error functiek)
is termed as:

Two-tone Signal
Amplitude: AMI=4V, AM2=4V
Frequency: fI=3kHz, f2=436Hz  .y=-50V

e(k) = |y(k) — §(K)| (15) Fig. 2: The circuit of half-bridge CDPA

The basic steps to determine the required optimal
number of neurons in hidden layer are provided as

follows. . Improved Model 0 BENN Model
Stepl: Initialize iteration stepk = 0, the weights "H ‘ WH

W3(k), W2(k) andW?(k) of improved ENN are as 0, and = ‘ oot

corresponding learning rates aren; = 0.05 g . ;

N2 = N3 = 0.004. Set initialized number of neurons in 1 10

hidden layem = 4, define maximum neurons in hidden 0

layer Npax = 50, maximum iteration step® = 100,
threshold value of the err@p, = —30dB .

Step2: Increase the number of iteration step- k+ 1;
if k> N ,end the training process.

Step3: Normalize the vectoP(k) in hidden layer;

-80F

-100

the error function (dB)

[N
=)

the error function (dB)
" e 5
o

-120-

-40

Step4: According to formula (1), (7) and (4), calculate oy
the outputs of every neuron in every layer and the error ‘ s
funCtionE(k) Of kth iteration Step' lE(k) iS Iess tharfminy i t;g hiddgr?\ayer?(éurons‘.‘?v 0 ° t:]g h\ddgr?layerﬁguronsﬁ 0

end the training process, else execute step 5.

Step5: Acquire the adjustment values of the weight Fig 3. The error functions versus the hidden layer
matrixes according to formulas (9) to (11), Update thengyrons, left:improved model, right: BENN model
weights wij (k + 1) = wi (k) + Awj; (k), w8 (k + 1) =
WJZ,(k) + AWJZr(k) and vvﬁ-(k +1) = vvi3j(k) + Avvﬁ-(k).

Jump to step 2.

Step6: Increase the number of hidden layer neurons 4,1 Optimal Neurons Number in Hidden Layer
if N> npax, €nd the training process. Jump to step2.

In order to determine the optimal neurons number in
4 Simulation resultsand analysis hidden layer of two models, the relationship between the
error functionE(k) and the hidden layer neuromsis

In order to verify the correctness and reliability of presented, as shown in. Fig. 3.
improved ENN model, the training sample sequence is It can be seen in Fig. 3 that the errtk) of BENN
achieved from the two-tone input of half-bridge CDPA model is -1.33dB, The erroE(k) of improved ENN
shown in Fig. 2. model is only -27.96dB under the same conditions
As shown in Fig. 2, the PWM signalis produced by ~ (N=100, n=10). The improved ENN model's convergence
two-tone signal and triangular signal, and its output logicSPeed and stability is superior than BENN model,
level is +12V. The frequencies of two-tone signal are distinctly, although the errdg (k) of both models declines
f1 = 3kHz and f, = 430Hz, and the amplitudes are rapidly with the increase of the number of hidden layer
AM; = AM, = 4V . The frequency and amplitude of Neurons when iteration steps= 100 .

triangular signal are determined & = 40kHz and If the threshold value of the error function &gin =
AM3 = 9.6V. A group of the training sampley are  —28dB, the optimal number of neurons in hidden layer of
extracted from 10ms to 11ms by the sampling frequencyproposed model can be determinechas10 by analyzing
fs=10CkHz Fig. 3.
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Table 1: E(k) andemax of two models N = 100)
Time domain output Time domain Error

—Cireuit Qutput ‘ ‘ P del E(k) (dB V
o7 + BENN Model Output \ p (M {WM W{ : BEl:lnl\cl) rr?odel g (1).2‘53 ) 6.768?6& ?LOO
| \ ! I \ i
{r“ |

BENN model | 10| —-1.33 4.9379x 1P
BENN model | 13| —-3.99 3.6314x 1P

[ proposed model| 7 | —17.21 | 7.9330x 101
’ proposed model 10 [ —27.96 | 2.2910x 101

proposed modell 13| —3892 | 6.5100x 102

Transient Error (V)

Amplitude (V)

Table 2: E(k) andemax of two models N = 200)

: model n | E(k) (dB) emax(V)
o L e S S N BENN model | 7 | —1325 | 3.3086x 10°
0 02 04 08 08 10 0 02 04 06 08 10 BENN model | 10| —2013 | 1.7958x 10°

Time (ms) Time (ms)

BENN model | 13| —2658 | 9.7120x 10!

2
Fig. 4: Comparison between circuit output and BENN proposed mode| 7 —4187 | 4.6400x 10:3
model in time domain proposed mode| 10 | —6345 | 3.9000x 10

proposed mode| 13 | —8531 | 3.1225x 10 %

Time domain output § Time domain Error
—Circuit Output : i ;
20 + IENN Model Output : m It can be seen in Table 1 and Table 2, with the increase
e " of the iteration steps, botkR (k) and e decrease. The
‘fh Hwﬂ larger the number of hidden neuromss, the smaller both
\ E(k) and enax are. To reach the approximate eri(k)

d | with the same iteration steps, improved ENN needs fewer
\W il hidden layer neurons than BENN. When the hidden layer
] B ” neurons and iteration steps are same, the proposed ENN

(=%

o,

Amplitude (V)

model has faster convergence speed and higher
i e convergence precision than BENN model.
3 By the above comparison and analysis, The proposed
' ENN model is superior to the BENN model in both
accuracy and calculation in time domain, which means a
significant improvement of performance based on
‘ ‘ e T proposed model.
0 02 04 06 08 10 0 02 04 08 08 10
Time (ms) Time (ms) Based on proposed ENN model, the frequency
characteristics of simulation results are given in Fig. 6
Fig. 5: Comparison between circuit output and improved Whenn = 10 andN = 200. The spectrum error between
ENN model in time domain circuit output and proposed ENN model output is shown
as Fig. 7.
The magnitudes and frequencies of IMD products of
the half-bridge CDPA are listed in Table 3. Due to the

=
iy
Transient Error (V)

4.2 Smulation Analysis of Two Models

Table 3: IMD products of the half-bridge CDPA
Select the hidden layer neurons= 10. The simulation
results of half-bridge CDPA base on BENN and improved
ENN model are shown in Fig. 4 and Fig. 5 when iteration :l\ffqﬂgdc'y IOW;;%DZ Upp;gglm |ow¢29r111|\gD3 Upp;égﬂm
steps N = 100. In different number of hidden layer Magnitude| -6.84dB 4.03dB 57948 >.88dB
neurons, the erroE(k) and the maximum time domain
error emax Of two models are listed in Table 1. Similarly,
the errorE(k) and the maximum time domain erregax
of two models are presented in Table 2 when the iteratiormemory effect, the IMD products are asymmetries in
stepsN = 200. lower and upper sideband&4]. The IMD products are
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Spectun asymmetries too in Table 3, which is caused by the
% —— memory effect of CDPAs. It can be known in Fig. 7 that
f1=3kHz —Creut Outout the maximum spectrum error between the circuit output
0F $)=436Hz + [ENN Model Output and the proposed ENN model output is less than
. 2.4724x 1073V,
Li L | ) Simulation results show that the proposed model can
11-2=0564Hz \”J'fz 330t " - well describe the memory effect of CDPAs. The accuracy
TN ; b fl+212=38721z of the proposed behavioral model is also high in frequency

: ﬁ‘/ - domain.
| | f

=)

f1-212=2128Hz

U4 \

5 Conclusion

Magnitude(dB)

In this paper, an improved modeling based on ENN was

- 1% i N f
1R . | S / J
ASW G KL g Wfl ﬁﬁiw HW*? val W proposed to describe the nonlinear features of PAs. In

i

Fj i M | il proposed ENN model, a group of Chebyshev orthogonal

%f ;’W M basis functions was employed to activate hidden layer

! | . neurons. The input vector of the hidden-layer in neural

/ ﬁ m H ' g network is normalized to enhance the neural network

W 0 w0 w0 0 w0 @0 4n & wp mn  convergence precision. Meanwhile, the optimized
Frequency(H) algor_lthm, based on the relqtlonshlp between thg error
function and the number of hidden layer neurons, is used
to determine the required optimal number of neurons in
hidden layer. The gradient descent algorithm was derived

to train the connecting weights of improved ENN. The
computer simulation results have shown that the proposed
behavioral modeling has faster learning speed and higher
3 the Specirum Enor convergence precision than BENN model in time domain
24— S and frequency domain. Furthermore, the proposed model
can be used to describe the memory effect of PAs, and

. could also be applied to analyze the nonlinearity of the
24747 ‘ ~ RF power amplifiers.

— =y
==

—_—

Fig. 6: The spectrum of circuit output and improved
model.
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