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Abstract—This paper presents a novel neural network-
based predictor for received power level prediction in di-
rect sequence code division multiple access (DS/CDMA)
systems. The predictor consists of a functional link neural
network (FLNN) followed by a multilayer perceptron
(MLP). An important but difficult problem in designing
the cascade predictor is to determine the complexity of the
networks. We solve this problem by using the predictive
minimum description length (PMDL) principle to select
the optimal number of input and hidden nodes. This re-
sults in a predictor with both good noise attenuation and
excellent generalization capability.

The optimized neural network predictor is compared
with a class of FIR predictors with simulations employing
noisy Rayleigh fading signals with 1.8 GHz carrier fre-
quency. The results show that the neural predictor can
provide a smoothed output signal with signal-to-noise ratio
(SNR) gain of about 10 dB, which outperforms the linear
counterpart. This makes the neural predictor well suitable
for applications where ‘delayless’ noise attenuation and
efficient reduction of fast fading are required.

I. INTRODUCTION

As the user capacity of a direct sequence code division
multiple access (DS/CDMA) system is inherently interference
limited, it is of paramount importance to keep the transmis-
sion power of each mobile user as low as possible [1]. This is
crucial in the transmission from mobiles to a single base sta-
tion, where all the mobile units need to be controlled by the
base station. The feedback power control procedures allow the
base station to send a power command to either lower or raise
independently each user’s transmitting signal power level,
and so keep the received powers almost equal.

In a recent paper [2], a new power prediction scheme was
presented for compensating the delays in the closed power
control loop. In addition to delay compensation, the linear
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power predictor also bandlimits the noisy power signal and,
therefore, both reduces its noise content and smoothens out
fast fading. However, the noise attenuation capabilities of the
computationally efficient linear schemes are very limited un-
der low signal-to-noise ratio (SNR).

This paper presents a novel hybrid neural network-based
predictor for efficient noise reduction. The neural predictor
consists of a functional link neural network (FLNN) and a
multilayer perceptron (MLP) [3]. An important but difficult
problem in designing the cascade neural network is to deter-
mine the optimal structure needed for successful prediction
and noise filtering. We use the predictive minimum descrip-
tion length (PMDL) principle to select the number of input
and hidden nodes of the neural networks [4]. This results in a
predictor with good noise attenuation, excellent generaliza-
tion capability, and moderate computational complexity. The
optimal predictor is then used with on-line adaptation for
predictive filtering of the noisy power signal, the statistical
characteristics of which may change with time.

The proposed neural predictor is compared with the linear
prediction method of [2] with simulations. Both the neural
predictor and the linear predictor use their optimized struc-
tures for power signal prediction. The results demonstrate
that the neural predictor offers higher noise attenuation than
the linear predictor. Besides, it is possible to design a neural
predictor with considerably wider prediction bandwidth. The
linear polynomial predictors with wide prediction bandwidth
evidently have poor noise attenuation.

A brief overview of the applied channel model, the noise
type, and the linear prediction schemes is given in Section II.
The structure of the hybrid neural predictor and the PMDL
principle for neural networks optimization are then intro-
duced in Section III. In Section IV, the neural network-based
predictor is applied to predictive filtering of a noisy power
signal of a Rayleigh fading channel. Finally, we conclude this
paper in Section V.



II. NOISY FADING POWER SIGNAL AND LINEAR
PREDICTIVE FILTERING SCHEMES

A. Channel Model and Noise

A detailed description of the modeling of a Rayleigh fad-
ing channel and noise was given by Jakes in [5]. In this pa-
per, our simulator assumes the superposition of plane waves
whose arrival angels are uniformly distributed. Different
plane waves are associated with different Doppler shifts
ranging from the minimum to the maximum specified by the
mobile speed. The simulator consists of low frequency oscilla-
tors at these Doppler shift frequencies, and the frequency dis-
tribution results in a satisfactory approximation of the
Rayleigh fading. The in-phase and quadrature components
are formed by summing the appropriately weighted oscillator
outputs. After multiplication with the corresponding carrier
components, the signal is centered at the carrier frequency.
Our carrier frequency was 1800 MHz, the sampling rate of
the baseband equivalent in-phase and quardrature compo-
nents was 1 kHz, and the applied vehicle speeds were 5 km/h
and 50 km/h. To observe the smoothing properties of the
predictors, the ideal reference signal used in calculating the
SNR gain in the 50 km/h case was bandlimited to the fre-
quency range of the 5 km/h case. The detailed implementa-
tion scheme was given in [2].

The noise used was zero mean white Gaussian noise that
was independently added to the in-phase and quadrature
components. In this paper, SNRs 10 dB and 0 dB within the
components were chosen to be analyzed, to illustrate typical
‘good’ and ‘bad’ channels, respectively.

B. Linear Prediction Schemes for Noisy Fading Signal
Prediction

The linear predictors often employed for predictive filter-
ing of power signals are the Heinonen-Neuvo (H-N) predic-
tors [6] and the recursive linear smoothed Newton (RLSN)
predictors [7]. Due to their recursive nature, the RLSN pre-
dictors can offer much better noise attenuation than the H-N
predictors with equal computational burden.

There exist two power prediction schemes: 1) direct pre-
diction of the noisy power signal which has been calculated
from the noisy components, and 2) computing the predictive
estimates of the components separately and obtaining the
power estimate by summing the squared values of these com-
ponents. In most cases, the noise attenuation capability of the
linear methods is not very efficient. The H-N linear predictor
can obtain about 5 to 9 dB SNR gain at urban vehicle speeds.

1II. NEURAL NETWORK-BASED PREDICTOR
OPTIMIZATION AND PMDL PRINCIPLE

A. The Structure of the Neural Network-Based Predictor

Our neural network-based predictor is shown in Fig. 1.
The predictor consists of two modules. An FLNN is used in

the Module-1. The output of the FLNN is then fed to the input
of the Module-2. An MLP with one hidden layer is used in
the Module-2. The hyperbolic tangent sigmoid function is
used as the nonlinear transfer function of the hidden nodes,
and the transfer function of the output node is linear. The
single node in the output layer represents the one-step-ahead
prediction. A tapped delay line type input stage was used to
make it possible to filter out the additive noise.

B. Optimization of the Structure of the Neural Networks
Using the PMDL Principle

It is well known that a neural network with high com-
plexity can maximize the mapping accuracy giving more
precise output for the training data, but it may also give worse
outputs for unseen data. On the other hand, networks with too
few parameters cannot find out the mechanism that governs
the data. Therefore, we must have a trade-off between the
complexity and the generalization capability of the networks.

There exist several papers that discuss the selection of the
number of nodes. For example, the Akaike Information Cri-
terion (AIC) has been used to determine the number of input
and hidden nodes [8]. However, the AIC has been proven
inconsistent and has a tendency to overfit models. In this pa-
per, we use the efficient PMDL method presented by Rissanen
to optimize the neural networks of Fig. 1.

Rissanen proposed the shortest code description length for
the model selection [9]. In subsequent papers [10], [11], this
method gradually developed into stochastic complexity. We
may regard the stochastic complexity as a generalization of
Shannon’s information or complexity. Indeed, for a given
distribution P(x),

I, =—log, P(x), ¢))]
evaluated at the observed data x, may be called Shannon’s
complexity of the data relative to a given distribution, or the
model class M = {P(x)}.

For applications, the most important coding system is ob-
tained from a class of parametric probability models:

M={fx[0)m®)] 6 Q* k=12...], @)

where QF is a subset of the k-dimensional Euclidean space
with non-empty interior. Hence, there are k& ‘free’ parame-
ters. The stochastic complexity of x relative to the model
class M is now given by:

[(x|M)=~log, f(x|M)
felm= [ fx]0)dn®) ®)
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Although the model class M includes the so-called ‘prior’
distribution 7, its role is not the same as in the Bayesian
inference. In fact, we need not select it at all, since we can
construct a distribution 7t(9|x) proportional to f (fo) [10].
The stochastic complexity represents the shortest code length
attainable by the given model class. Frequently, for example
in curve fitting and related problems, the models are not pri-
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Fig. 1. The structure of the hybrid neural network-based predictor.

marily represented in terms of a distribution. Rather we can
use a parametric predictor J,,, =F(y]9) as in the case of
neural networks, where ., or 3,,; is the output of the net-
wOrk, y=(Y;,¥1s-++->Vs—ps1) is the input, and 6 denotes
the array of all the weights as parameters.

In addition, there is a distance function d(g,,;) to meas-
ure the prediction error €,y = Yy, —~ y;p Where y,,, is the

target output. Such a prediction model can be immediately
reduced to a probabilistic model in which the optimization of
€ .41 Causes the optimization of 6 . In this case, we define the

conditional Gaussian distribution

FGE+Dy(0).0.6 2)=—-—1——e~81%°2 @
o wors

The density (4) is then extended to a sequence as the code
length
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where  y" =(y,,¥;,...,¥,). After having fixed the model
class, we have the problem to estimate the shortest code

length obtainable with this class of models. Let 6(y") and

6%(y") be written briefly as 6, and 62. They are the

maximum likelihood estimates, i.c., the parameter values
which minimize the code length —In £(3,,,|y'.8,0%) for the
past data, in particular

1
62 =7Zaf. (6)
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Therefore, the predictive code length for the data is given by

18 [ e .| on
n t+l
~In(y k):-z-g; {—é—?—+21nc,}+zln(2n). )

In the PMDL algorithm, the network parameters need not
be encoded and they can be calculated from the past string by
an algorithm. The model costs are added to the prediction
errors, and the over-fitting and under-fitting are penalized
automatically. A detailed description of the PMDL principle
in neural network optimization can be found in [12].

IV. SIMULATION RESULTS

In our simulations, we first optimize the neural network
structures using a linearly sweeping sinusoidal signal. The
optimized neural predictor structure is then used in real-time
prediction with on-line adaptation.

A. Off-Line Optimization of Neural Predictor Structures

Due to the time-varying characteristics of the power re-
sponse of the Rayleigh fading channel, it is dangerous to op-
timize the predictor structure for a specific power signal.
Therefore, an artificial sweeping sinusoidal signal is designed
to optimize the network structures. The frequency of the
sweeping signal varies from 0 to 100 Hz and the sampling
rate is 1 kHz. The noise used is zero mean white Gaussian
noise with different variances. Two cases, the SNRs of 10 dB
and ( dB are considered.

The optimization of the neural predictor is made in two
steps. First, the Module-1 is optimized with the PMDL prin-
ciples using the input samples y = (¥, , ¥y, Y, ps) - After

the optimal structure of the FLNN is determined, the optimi-



zation of the MLP in the Module-2 is made in the similar way
using the output of the Module-1. The optimization proce-
dures were performed under two conditions, i.e., with compo-
nent SNRs of 0 dB and 10 dB. The optimized FLNN and
MLP cascade form our optimal neural predictor.

B. Real-Time Prediction with On-Line Adaptation

The learning algorithm is crucial to our optimal predictor.
Off-line learning methods calculate the weights of the net-
works without any reference to the time order of the training
data and they must collect all the data before training. Thus,
this kind of methods are time-consuming and not practical for
our purpose. Furthermore, they cannot successfully handle a
signal whose characteristics change in some possibly un-
known manner which is the case in mobile applications.

As the fading signals are highly nonstationary, the learn-
ing must be adaptive. In our predictor, the adaptation of the
FLNN in the Module-1 uses the Widrow-Hoff algorithm [13],
and the MLP in the Module-2 uses an improved on-line back-
propagation afgorithm based on [14].

Figures 2 and 3 show the code lengths of the FLNN and
the MLP with different number of input and hidden nodes
under the SNR of 0 dB. It is easy to find that the optimal
structure of the FLNN has 17 input nodes and the MLP has 6
input and 4 hidden nodes. Similarly, the optimal structure
under 10 dB has the FLNN with 10 input nodes, and the MLP
with 16 input and 2 hidden nodes.
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Fig. 2. Code lengths of different models of FLNN under com-
ponent SNR = 0 dB.

The optimal predictor structure is then used for prediction
of in-phase and quadrature components of the demodulated
signal separately. The noisy, with the SNR of 0 dB, and the
noiseless in-phase components are shown in Fig. 4, and the
output of the optimal neural predictor is given in Fig. 5.

We use the measure

R, =10log;(82/87) (8)
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as the quantitative measure of the prediction performance.
Here 8% is the mean squared value of the noiseless power

signal, and 8129 is the mean squared value of the prediction

error of the predicted power signal. The optimal neural pre-
dictor can obtain about 11 dB SNR gain under the component
SNR of 0 dB. The behavior under the component SNR 10 dB
is similar, and about 8 dB improvement can be achieved. The
results are 3 to 5 dB better than the maximum SNR gains of
the H-N predictors. For the best results with the fixed-
coefficient H-N predictors, the predictor length and the pre-
diction scheme must be selected according to the vehicle
speed and the current noise level. On the other hand, the
adaptive neural predictor can maintain virtually the same
SNR gain under varying conditions.
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Fig. 3. Code lengths of different models of MLP under com-
ponent SNR = (0 dB.
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Fig. 4. Noisy and noiseless in-phase component of power sig-
nal at 5 km/h using Jakes” model.
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Fig. 5. The prediction of noisy in-phase component of power
signal under 0 dB at 5 km/h.

In certain cases, the scheme 2) of predicting the in-phase
and quadrature components separately may seriously increase
the implementation costs. So, the scheme 1) would be an at-
ractive alternative. The noisy power signal can be predicted
directly by the optimal neural predictor. Now the SNR gains
under the component SNRs of 0 dB and 10 dB are about 9 dB
and 6 dB respectively, which are less than those of the
scheme 2). Figure 6 shows the results of the power prediction
under the component SNR of 0 dB.
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Fig. 6. Noisy and noiseless power signals, and the prediction
of the optimal neural predictor under the component SNR of
0dB.

The case of the mobile speed of 50 km/h is very similar to
that of 5 km/h and the SNR improvements are comparable.
However, the learning rate or adaptation time should be ad-
justed according to the mobile speed.

V. CONCLUSIONS

In this paper, we compared the linear and the neural pre-
dictors for received signal power prediction in DS/CDMA
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systems. Although the neural predictor has higher computa-
tional complexity than the linear approaches, it is still feasible
from the application point of view, because the required
sampling rate is only 1 kHz. In our experiment, the adapta-
tion of the predictor requires 4250 floating point operations
and prediction needs 1102 operations. The total computa-
tional requirement for predicting one sample is about 5000
arithmetic operations. Therefore, custom VLSI and DSP
processors are the potential implementation platforms of our
neural predictor. The presented neural predictor is also a
natural pre-processing stage for advanced fuzzy and neural
power controllers.
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