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Abstract. The successful development of new products relies on the capacity to
assess the performance of conceptual design alternatives in an early phase. In re-
cent years, major progress has been made hereto, based on the extensive use of
prediction models, particularly in the automotive industry. The proposal of this
paper is to develop a novel vehicle noise prediction model based on the combina-
tion of a Linear Regression model and Evolutionary Product Unit Neural Net-
works (EPUNNS). Several methods were compared depending on the frequency of
the noise since the system has a linear behavior at low frequencies and a more
random one at high frequencies. The accuracy of all models has been evaluated in
terms of the Mean Squared Error (MSE) and the Standard Error of Prediction
(SEP) obtaining the smallest value for both measures when using the combined
model (Linear Regression at low frequencies and EPUNN at high frequencies).

1 Introduction

successful development of new products relies on the capacity to assess the
ormance of conceptual design alternatives in an early design phase. Complex
side noise in a vehicle is originated from various sources. It is vital for auto-
live engineers to identify the dominant noise sources such as engine noise, ex-
haust noise and tire noise, etc. Their vehicles have to comply with noise emission
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standards by measuring noise levels according to procedures defined by Interna-
tional Standards, commonly known as Pass-by and Coast-by noise tests. The en-
hancement effort may be very difficult and time-consuming if one relies only on a
“trial and error’ method without prior knowledge about the sources themselves,
This important change in viewpoint results in a need for new prediction models
and noise abatement techniques. In this context, auralization techniques will play
an important role. Sound synthesis models aim at auralizing the sound produced
by a physical sound source at an arbitrary receiver location, e.g. [1].

Recently, Artificial Neural Networks (ANNs) have emerged as a powerful
learning technique to perform complex tasks in highly nonlinear dynamic envi-
ronments. Due to their enhanced temporal capabilities, they have been extensively
employed in several real world applications, including noise identification and
control [2]. In this sense, different types of ANNs are nowadays being used for re-
gression purposes [3], including, among others: MultiLayer Perceptron (MLP)
neural networks, where the transfer functions are logistic or hyperbolic tangent
functions, Radial Basis Functions (RBFs), General Regression Neural Networks
proposed by Specht [4]; Product Unit Neural Networks (PUNNSs) [5], ete.

The multiplicative neural networks are among the most recent and interesting
neural network models, and they contain nodes that multiply their inputs instead
of adding them, which allows inputs to interact non-linearly. This class of multi-
plicative neural networks comprises such types as sigma-pi networks and product
unit (PU) networks [6]. Therefore, this paper investigates the performance of hy-
brid evolutionary product unit-based neural networks as statistical techniques in
the auralization of sound to simulate the listening experience at a given position in
the modeled space. Specifically, we present a hybrid evolutionary programming
algorithm for automatically obtaining the structure and weights of a PUNN. The

proposed method is compared to other standard modeling techniques, in order to

assess its performance. The paper is organized as follows: Section 2 introduces the
different modeling techniques considered; Section 3 describes the experiments;
Section 4 presents the results and Section 5 states the conclusions of the paper.

2 Modeling Techniques

Three different models are considered: a linear model, an Evolutionary PU
(EPUNN) non-linear model and a combined linear-EPUNN model with a li
model for low frequencies and an EPUNN model for high frequencies.

2.1 Linear Model

A Linear Regression (LR) model is the best model when a linear (or quasi-lin
relationship can be assumed between the independent variables and the depen
one. This is a staple method in statistics, where the idea is to express the targe
riable as a linear combination of the attributes, with predetermined wel
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fin % Bosen B) = B, +Z,6’j.,\'k , Where f3,..., B, are the weights to be estimated

=1
and X = (X,,...,x,) are the input variables. In this work, a ridged linear regression

has been performed, using the Akaike Information Criteri i
: L ( rion (AIC) for select
the variables of the model. This method is available in the WEKA [7)J. e

2.2 Evolutionary Product Neural Networks

Product Unit Neural Networks (PUNNS) are an alternative to MLP or RBF neural
networks, and are based on multiplicative nodes instead of additive ones. A multi-

k
plicative node is given by [T/ , where k is the number of the inputs. As men-

i=1
tioned above, _PUNNS have a major handicap: they have more local minima and a
highe‘? probability of becoming trapped in them [8].The main reason for this diffi-
culty is that small changes in the exponents can cause large changes in the total
error surface: The Back Propagation algorithm, which is the most common algo-
rithm for training multilayer neural networks, does not work very well with %he
product-units because of its complex error surface. The structure of the neural
ﬂetwor.k considered is the following: an input layer with & nodes, a node for
every input variable, a hidden layer with » nodes and an output la;er with one
node. There are no connections between the nodes of a layer and none between the
input and output layers either. The activation function of the Jj -th node in the hid-

. . I’ ! o
den layer is given by IT,(x,w,)= fo. ", where w;; is the weight of the connec-

i=l
lion between input node ;/ and hidden node Jand w; = (w‘,»1 w.. ) the weight
_ rees W

vector, The activation function of the output node is given by:

ooy (%,0) = 4, +Z|: BI1,(x,w,), where f, is the weight of the connection be-
p

it?v_een the hidden node ; and the output node. The transfer function of all hidden
and output nodes is the identity function.

2.2.1 Evolutionary Algorithm

:’ﬂ[ 1 1

1 ;h;sf fﬁctlon, we present t.he EA used to estimate the parameters and the struc-

' 3 the PUNNSs minimizing the prediction error function. The algorithm, simi-

| b at propese('i by Martinez-Estudillo et al. [9] begins with the random
fation of V, individuals. Then the evolution process starts and a population-

-. date algorithm is applied. Since the algorithm falls into the class of Evolution-

ﬁgiramnﬁeg (EP) paradigm [10], the population is subject to replication and
. 0P§1"E.lt10ns, but crossover is not considered, as this operation is usually
as being less effective for ANN evolution [6]. Although there are differ-

ai : . .
fing methodologies for this purpose, most researchers agree that EP is the
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most suitable Evolutionary Computation paradigm for evolving neural nets [11].
Fitness of a neural network of the population that implements a function f(x), is

caleulated using a D={(x,,y,):/= 1,2,..,7,} training dataset, where the number

of samples is n,. Mean Squared Eiror (MSE) of f(x) is considered:

n,
MSE(f)= lZ(_y, — f(x,))", where the y, are the observed values, and f(x)
N

the predicted values. The fitness function A(f) is defined by means of a strictly
decreasing transformation of the MSE: A(f)=11+MSE(f) , 0<A(f) =1,

The adjustment of both weights and structure of the PUNNs is performed by the
complementary action of two mutation operators: parametric and structural muta-
tion. More details about the EP operators can be found in [9].

2.2.2 Hybrid Algorithms

In this work, different variants of hybrid EAs have been applied, all of them pro-
posed by Martinez-Estudillo et al. [9]. The EP algorithm is the EA exposed in the
previous section without either a local search or a clustering process. In the Hybrid
EP (HEP), the EP is run without the local optimization algorithm and then it is ap-
plied to the best solution obtained by the EP in the final generation. This allows
the precise local optimum around the final solution to be found. Another version
of hybrid EA is the HEP with the Clustering algorithm (HEPC), which applies the
clustering process over a large enough subset of the best individuals in the final
population. The number of indiv
be created are important parame

tering, using a distance measure
tained for each individual over the training dataset. Further information can be

fast and robust learning algorithm. Tt employs a sign-based scheme to update

the weight updates, i.e., the magnitude of the update along each weight direc!
only depends on the sign of the corresponding derivative. The size of the up
step along a weight direction is exclusively determined. The improved Rprop
weight-specific “update-value” algorithm (denoted by iRprop+) applies a back
tracking strategy. The HEP and HEPC hybrid algorithms are described in Ref. [9)

2.3 Combined Linear Regression and EPUNN Model

A combined linear regression and EPUNN model is proposed in this paper, [0
lowing the behavior of the system regarding the frequency:

iduals in this subset and the number of clusters to
ters of the clustering process. Once clusters have
been determined, the best individual in each cluster is selected and then optimized

using the local search algorithm. The clustering method selected is k-means clus-
defined for the vectors of the different values ob-

‘;(;gcilggnb; ;h;i ;?iizzphigge array and by the microphone situated in the receptor
'jegﬁve e 1dem'foth .10 m from the loudspeaker cabinet, see Fig 1b. The ob-
s Ly ify the sound source at the receptor position using the signals
Tl useg fC‘re Erragijltuated at 10 cm. The signal registered at receptor posi-
7 ﬁ'adiﬁﬁnal methOd;: jzcth g lthe- accuracy of thm? model. The main drawback of the
found in [9]. The local optimization procedure considered is the improved Rprop [lormance at low fr i OW.IGSOMIIOD W 5 g vl g
ﬁ - equencies. Figure 2 shows the behavior of the system with the

algorithm [12], which is based on Rprop. The Rprop algorithm is believed to be a

weights in order to eliminate harmful influences of the derivatives’ magnitude on
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Fouh, B):{fm(x,ﬂo,...,m), if h<2.5kH:z
Fonax (%,8), if h>2.5kHz

where fip (X, /3. B,) and f,(x,8) models are the linear regression and th
EI.’UNN models, respectively, presented in the sections 2.1 and 2.2 F n' i X
this model, only low frequencies are used for fitting f (x5 . ﬁor —-—
high frequencies are used for adjusting Sounae (%,0) P A e o

3 Description of the Dataset and the Experimental Design

The noise sources are located in the vehicl in Fi
;f;dxf%% ;his research consisted of a rectanzu?;r%{?)s(eﬁiiﬁ :)nutlzigdi];{errfs?gnsseggg
e ff[,);v[lsgoﬁh with 2¢‘1 loudsPeakers separated from it at a distance of
oy [S- ment"atlon series, consisting of a portable and multi-
g Seaps mz er, a Briiel fmd Kjaer (B&K) prepolarized free-field half-
i as theeman a prep(?lanzed free-field quarter-inch microphone was
o s e I:heas.lllrmg device. LMS Test.Lab was the measurement software
gordingg g e émcrophqnes were calibrated with a B&K calibrator. All re-
e meas?;{;: (t)ut 1ns1de' a semi anechoic chamber. For the enginé mock-
Ground was 163 m. Adiionally,the sound eailod vy e soeies vt et
burst noise of between 100-10000 Hz. The soﬁ(itt;(riozﬁct:g E;Utflf: s‘;‘ljici 1;32;12?
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frequency: the system has a more or less linear behavior for less than 2.5 kHz,
changing above 2.5 kHz, where it follows a more random behavior, Therefore,
from 8193 registered data, for our purpose, we have employed 6143 data for train-
ing, 1500 data of which corresponded to low frequencies and 4643 data corre.
sponded to high frequencies, and 2050 for generalization or test, 501 data at low
frequencies and 1549 data at high frequencies, respectively.

The different EPUNN experiments were conducted using a software package
developed in JAVA. To start processing data in the EPUNN model, each of the
input variables was scaled in the rank [1, 2] by a simple linear rescaling, with

x; being the transformed variables. The parameters used in the evolutionary algo-
rithm for learning the EPUNN models are common to all methodologies: thew,

vector and the coefficients , are initialized in the [-5, 5] interval; the maximum

number of hidden nodes is m =4 ; the size of the population is N »=1000,
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Fig. 2 Behavior of the system with the frequency

The number of nodes that can be added or removed is within the [1, 3] interva.:!,itj
whereas the number of connections that can be added or removed in a structural
mutation is within the [1, 7] interval. The k-means algorithm is applied
N =200 best individuals in the population. The number of clusters is 4, For
prop+, the adopted parameters are 77° =0.2 and 77 =1.2 (decreasing and incre
ing factor for stepsize), A, =0.0125 (the initial value of the step), A, =0
A, =50 (minimum and maximum stepsize for the weights), and epochs =

These parameter values have been taken from [17]. The performance of
model was evaluated using the MSE and the Standard Error of Prediction (SEP) i

the generalization set. SEP is defined as: SEP = (1 00/ |Y)xVMSE .

4 Results and Discussion

Table 1 presents the results obtained by using the EPUNN models by consi
the different hybrid algorithms (EP, HEP and HEPC). It is important to nol
two different experiments have been performed with this algorithm: the

“models and we combined it with a LR model tr
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cgnsiders only high frequencies in order to o
bined quel presented in Section 2.3; the se

models. The generali-

zation results included in Table 1| clearly establish the HEPC method as the best

EPUNN optimization alternati ve.

Table 1 Statistical results of the different evolutionary methodologies for the EPUNN

model
MSE (Mean+SD) 7 _ o
Hig-h frequencies Low and High frequencies
Method Training Generalization Training Generalization
EP 0.0204+0.0004 0.0196+0.0012 0.0222+0.0006 0.0227+0.0005
HEP  0.0147+0.0028 0.014920.0021 0.0143£0.0014 0.0159+0.0045
HEPC  0.0143+0.0029 0.0148+0.0021 0.0136+0.0007 0.0148+0.0009

Table 2 Comparative performance of the LR, EPUNN and combined models

Model Performance

Training Generalization
Model MSE SEP (%) MSE SEP (%)
LR 0.019600 2928735 0.019200  299.7228
EPUNN  0.011603 209.6200 0.012811 2437573
LR+EPUNNO.012402 232.5014 0.011708  234.0557

| Consequently, we selected the best HEPC model from the 30 high frequency

ained using only the low frequency

resulting in a
by around 78% with respect the LR model. y




386 M?" D. Redel-Macias et al.

follow a random behavior. Examining this behavior, we have developed three
models to ascertain which the best one is for identifying engine noise in vehicles:
a linear regression model, an EPUNN and combined model. The combined mode]
obtained a better performance both in MSE and SEP than that obtained with other
models for the prediction of engine noise.
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Predicting the Passenger Request in the
Elevator Dispatching Problem

Maite Beamurgia and Rosa Basagoiti

different service time analyzed,
improved using neural network for the demand prediction,

1 Introduction

Currently elevators are installed in all types of buildings, hospitals, residences and

it is unthinkable to build a building without an

ystem. The people that enter and leave the building are users of those
;Igvators. The users do not mind the kind of building where they are, the onl

thing that they want is to have a good service. , ’
1 Pt?pendmg the characteristics of a building such as Pphysical available site

: Iding type or passengers demand, it is common to have more than one eleveitor’

The good service is expected for a single elevator or a group of elevators ‘

A passenger waiting time from the request of a call until the answer 'of an ele-
tor shoulfi be as less as possible, For this passengers, the least time that the

_ to wait for the elevator, is better for them, because no so much people likz
gg tE:) the elelvators for a large period. So, if the passengers do not wait a large
5 ; ey c0n31lder that the elevator gives them a good service. There is another

: 0 be considered, the energy spent. Nowadays, is increasing the energy
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