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Abstract: The aim of this study is to fit a calibration curve the load uncertainties estimates on the MLP legrnin
to a multivariate system. The experimental data aralgorithm is verified.

generated from the calibration of the aerodynamieraeal

balance of the subsonic wind n.° 2, the TA-2, o th 2. EXTERNAL BALANCE CALIBRATION

Brazilian Aerospace Institute, IAE. Multilayer Pepdirons
(MLPs) Artificial Neural Networks are employed. Tibthe
calibration curve, the MLPs are submitted to tharheng
process. The measurement uncertainties are taken
consideration, through the modification of the MigRrning
algorithm, which in its classical approach, consdée data
points free from error sources. The results of bot
methodologies, learning algorithm endowed or withou
uncertainties, are compared.

A six component external balance is used to meakere

loadsF; (i = 1,...,§ acting on the model during the wind
irFunnel test at the TA-2 aerodynamic faciliB, F,, andF;
denote forces anH,, Fs, andFg denote moments; the load
cells of the balance provide the readirgygi = 1,...,6. A
rpalance calibration is performed prior to the tdéis The
calibration is accomplished by applying loads te tialance
through a system of cables and pulleys. A set of
approximately one hundred 10 kg weights is usedpialy

Keywords: Multilayer Perceptrons, Calibration Curve, the calibration loads (Fig. 1).

Measurement Uncertainty, Wind Tunnel, Repeatability The values representing the loads applied originat
from the application of weights on the calibratimnoss. The
1. INTRODUCTION symbolsF,, F,, F3, Fy4, Fs, andFg are used for the drag, side

. qnd lift forces, and the rolling, pitching and yagi
In modern metrology there is a great concern aboumoments respectively. At the subsonic wind turirel2, a
uncertainty. Two international references, the 180/  1esp Y- '

17025 [1] and the ISO GUM [2] recommend the asseatm Ca”bfa“m? performed ap =0 .(Sid.eslip angle) is galled
of uncertainty in measurements. In general aspect Ipha calibration andbeta calibration whenotherwise.

calibrations are performed in order to keep thesueament eventy _three and two hundred and nineteen loading
traceability. It is worth emphasizing the importante of comblngtlons are employed for alpha and beta eits,
uncertainty in the traceability definition [3]: “pperty of the respectively.

result of a measurement or the value of a standheteby
it can be related to stated references, usualliomelt or
international standards, through an unbroken chaifin
comparisons all having stated uncertainties”.

The Calibration Curve (CC) establishes the relstgn
between the input and output quantities. This imiahip is
sometimes nonlinear. In the case of the externianiba of
the TA-2 wind tunnel, the CC relates the load oedldings,
whose quantity is the difference of electrical pditd, with
the loads applied to the balance during calibratishose
guantities are force or moments of force. The logdis
performed by applying weights through a system aifles
and pulleys [4] [5].

In the multivariate regression, i.e., in the leagi Figure 1. Loading system for balance calibration at
process of the MLPs, it is unusual to take intosideration TA-2 facility
the uncertainties in the loads. In this study, itifeience of Two alpha calibrations presenting the same

configuration are used in this study. The first oise



employed in the MLPs learning process and the otber
verify the repeatability.

3. THE MULTILAYER PERCEPTRON ARTIFICIAL
NEURAL NETWORK

Artificial Neural Networks (ANN) are computational
intelligence techniques, which may be considergxzhoke of
resolving certain classes of problems, among thém t
approximation of functions, sometimes called mathigcal
modeling. The approximation of the function mayused to
fit the calibration curve (CC) taking into accouttte
guantities related to the calibration process. Kl of
artificial network employed is the Multi Layer Peptron
(MLPs). Neural Networks have already been used
calibration curve fittings [6].

A node may represent the artificial neuron, basedhe
biological neuron. The node has a single outputsenetral
inputs. Each input signal is multiplied individlyaby a
factor called “synaptic weight”. One of the inpigschosen
being equal to 1 (threshold). The results of tiueration are
summed, which is called weighted sum. The weiglsteu
is the input value of the transfer function.

Figure 2 presents the architectural graph of theNAN
used in this study. It has an input layer of sourodes, a
hidden neuron layer and an output neuron layeris It
referred to as multilayer perceptrons (MLPs) andail to
be fully connected, as every node in each layerthef
network is connected to every other node in thecit
forward layer.

— Number of layers. In this paper, this is equahtee;

— Number of neurons in each layer. The hidden layeag
have any number of neurons. The number of output
variables limits the number of neurons of the outayer. In

this study several three layered MLPs are employdudre

the number of neurons of the hidden layer and timeber of

the nodes of the source layer change;

— Transfer Function (TF). It is based on the biatadi
neuron transfer function: the sigmoid function. Etpn (1)
expresses the TF employed in this study;

im Learning algorithm. The learning algorithm usedttis
Levemberg-Maquardt method [8]. The algorithm was
modified to account for the uncertainties in the Mautput;

— Synaptic weights initialization. This parametetedmines
the convergence and the period of convergenceeofdlural
network. For initialization, the value of the sytiapveights
chosen is 0.0001;

- Learning performance or Performance Function (PRg
measure of learning performance is the quadratiorer
summation, 5e?, which consists of the squared difference
between the actual response of the neural netwadktlze
desired response, summed over the entire data set;

— Learning rate. A suitable choice of this rate dgothe
trapping of the ANN in the local minimum. The algbm
tries several rates for the MLP convergence. Tép shosen
for the learning rate increment is equal to 50;

There are two modes of MLP operation, the learning

process and the simulation process. In the forniee,
desired input/output vectors pairs are supplied the
source/output nodes of the MLP. Adjustments ardiegbpo
the synaptic weightsW through the iterative learning
process. The suitable values of the synaptic weigire
those that decrease the index performance, known
Performance Function (PF). In the latter form ofweek
operation, the input vectors obtained during testare
supplied to the source layer of the MLP and, frdme t

— Iterative number. It leads to an improvement af BF.
Each iteration corresponds to the presentation taf t
complete set of input/output vectors pairs to tHéNA In
this study, this number is 2000.

as 2 1)

|1+ exp(—2x)| -t

weights W fixed during the learning phase, one obtains the

values of the corresponding output vectors [7].
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Figura 2. Architectural graph of the MLP neural network.

The conception of the MLP involves the following
aspects:

In mathematical terms, the neurons of the MLP fche
output variabld=; are described by the following equation:

)

I:i = ¢i (i W2in ¢n (i WlnmSm jj

n=1, 2,...,..Nis the hidden layer neuron index;
m=1, 2,..., ..M is the source layer node index;

@ transfer function of the neurons of the outpyela
Waio: synaptic weights of the neurons of the outpuetay
@n: transfer function of the neurons of the hiddeyefa
Wiin: synaptic weights of the neurons of the hiddeeiday
S, are the input signals.

The MLP synaptic weights are set through the
Levenberg-Maquardt learning process. This processists



of a regression based on least squares, with arline _T

approach around the error points at tieteration [6]. The
synaptic weights are set through the matrix eqnatio

w(n+1) = W(n) - [J +)II] J"(n)e(n) ®)

n: 1,2,... iteration index;

W : column vector of synaptic weights and thresholds;
€: column vector of output errors (difference betwélee
desired and MLP output values);

J : Jacobean matrix, expressed by Equation (4).

(4)

0€l/owl 0€l/owm

J(n)

den/owl oden/owm

Following the traceability definition and the mdtgical
recommendations [1] [2], data uncertainties wemsmtered
in the MLP learning algorithm.

L (10)
J (N)(ug) Te(n)+Iaw] =

3 ()U2) e+ 3T ()(uZ) I Aw=0

Rearranging Equation (10) and inserting the leaynate
A to avoid the singularity of the inverse matrixedimds the
MLP learning equation endowed with uncertainties:

W(n +1)=w(n)
[ ()wz) 2 3()+ AT 37 (n

4. METHODOLOGY

The methodology of curve fit through the threeelag
MLP consists in submitting it to the learning preseor
several numbers of neurons in the hidden layer.l@dming
Performance Functions values were compared eitrehé
entire data set or for the individual load valugeth cases,
learning endowed with or without load uncertainti@®
considered as well.

(11)

(n)u2)™e(n)

Besides the first calibration employed in MLP leéag
a second one, performed at the same laboratorial
configuration, was used to test the short-termbcafion

The steps for modifying the learning algorithm forepeatability. For the second calibration, the Migerated

metrology best practice involve first-order Tayleeries
approximation of the error vector around tif&iteration:

eze(n+d MIWn+D-wr]

Minimizing the quadratic error summation considgrin
the uncertainties (covariance matrix) is equivaldot
minimizing the expression [8] [9]:

=T - 8
e u)'e v

U Load covariance matrix

Substituting Equation (7) into Equation (8) yields:

- T - - - 9
{e(n) + 3 (MIw(n+1) - w(n)]}" (u?){e(n)
+3 (W +2) - W

Differentiating Equation (9) with respect to

in the simulation mode. The input vectors, i.eg kbad cell
readings, are presented to the MLP source layeepikg
the synaptic weights, the output vector valuescaraputed
in order to estimate the PFs, which correspond ht® t
quadratic error summation. The PFs were estimateenw
considering and not considering the load unceitsnt

5. DISCUSSION

Figure 3 shows the PF values versus the number of
neurons for the 73 loading configuration. There is,
predominantly, a PF value decrease when the number
neurons in the hidden layer increases, whetherldhd
uncertainties are considered or not.

Figure 4 presents the uncertainty profile emploiyeithis
study, which consists of the uncertainties in tegngation
of the friction forces originating between cablesl gulleys
during the external balance calibration. The avelagel of
the uncertainties is shown as a dotted line.

The PFs as a function of the number of neuron$ién t
hidden layer for each load component, are showfigs. 5
to 10. The learning algorithm is endowed or nothwdad
uncertainties. These figures highlight the diffeen
between the MLP learning process with and without
uncertainties. It can be seen that the quadratiorer
summation for the loads, andFg are predominantly lowest

Aw = W(n +1) - w(n) and setting the results equal 10 for the case without load uncertainties (Figureand 10).

Zero, gIVES rise to:

As one can note, this result is in accordance Wwitjure 4,
which indicates uncertainties associated to Idadand F¢
below the average level. For the other load compisne
either the PFs are highest in the case of congigete
uncertainties (Figures 5, 7, and 9) or the curvesrsect



each other (Figure 6). Once again, these resulsirar
accordance with Figure 4, which presents load tairgies
greater than or next to the average level.

Figure 11 shows the PFs versus the number of ngtmon
the hidden layer, for the MLP submitted to the datian
process, with or without considering the load utaiaties.
In the PF curves presented, the short-term repidibtadf
the external balance calibration for the entireadzgtt can be
extracted.

Calibration curve fitting employing MLP, without
considering measurement uncertainties may over
underestimate the Performance Function, as distusse
section 5.

or
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Uncertainties
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Figure 4 — Loads uncertainties and average level.
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Figure 6 — Learning Mode Performance Functions fof,.
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Figure 7 — Learning Mode Performance Functions foF ;.
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Figure 9 — Learning Mode Performance Functions fofs.
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Figure 10 — Learning Mode Performance Functions foF.
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Figure 11 — Performance Functions for the second taration.



