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ARTICLE INFO ABSTRACT

Keywords: In the present study, the artificial neural networks (ANNs) technique was implemented to link non-dimensional
Five-hole probe pressure coefficients and flow characteristics to calibrate a five-hole probe. The experimental data of this work
Calibration

were obtained from a subsonic open-circuit wind tunnel at the velocity of 10 m/s. Here, the efficiency of ANNs
was compared with two conventional data reduction methods, including linear interpolation technique and 5t
order polynomial surface fit algorithm. Based on the statistical parameters of calibration data, it was concluded
that the radial basis function (RBF) algorithm was more accurate and had more flexibility compared to the multi-
layer perceptron (MLP) regression algorithm, the linear interpolation and 5% order polynomial methods. In the
RBF method, the mean absolute errors of 0.11, 0.64, 0.02 and 0.03 were achieved for @, p, Cp; and Cp; ,
respectively. Furthermore, the effects of training data reduction and data selection on the performance of RBF
were studied. The accuracy of the proposed RBF method was analyzed at different @ angles and for random test
data. Finally, the influence of increasing number of test data on the efficiency of calculated RBF method was

Artificial neural networks
Data reduction

Wind tunnel

Radial basis function

evaluated.

1. Introduction

In the early experimental aerodynamic studies, common measure-
ment instruments such as pitot tube and pressure manometers were
implemented for measuring flow velocity and total and static pressures
at different probe positions. Different disturbing parameters, limitations
associated with the velocity measurements and the effects of flow angle
on the measurements led to use multi-hole pressure probes.

Many complicated and advanced techniques have been introduced to
measure flow properties, such as particle image velocimetry (PIV) [1,2],
Hot-wire anemometry [3,4], and Laser Doppler Anemometry (LDA) [5,
6]. Multi-hole pressure probes are the only measurement instruments
that can simultaneity measure velocity components and pressure fields
of the flow. Another advantage of the multi-hole probes is that they do
not need new calibration unless the physics of probes is changed or
damaged. Additionally, multi-hole pressure probes can output flow
patterns without any important information about the flow.

Various researchers utilized pitot tubes and multi-hole pressure
probes including five-hole probes, seven-hole probes, fourteen-hole
probes, or occasionally eighteen-hole probes, to measure flow charac-
teristics [7,8]. The five-hole probe is an instrument used by Treaster and
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Yocum in 1979 as a pressure measurement device [9]. The applications
of this technique in calculating velocity vectors and total and static
pressures of flow field encouraged researchers to use a five-hole probe
and to propose several techniques for five-hole probes’ measurements
[10,11].

Asymmetric manufacturing of the five-hole probe could affect the
calibration. A refined and improved calibration technique [12] could
reduce the influence of the outlier data on calibration process accuracy.
Sitaram and Srikanth [13] calculated the effect of chamfer angles of the
five-hole probe cone on the variation of none-dimensional pressure co-
efficients. They figured out that static pressure coefficient was inde-
pendent of probe chamfer angle and desirable chamfer angle used in the
design of five-hole probe was 30°.

The effect of Reynolds number on the measurement sensitivity of
five-hole probe and the accuracy of the measurements and its calibration
was investigated by Sitaram et al. [14]. Smith, and Adcock [15]
demonstrated the effects of Reynolds number and Mach numbers on the
angles of flow and declared that the pyramid five-hole probe could be
employed at Re < 10°. Dominy and Hodson [16] investigated the in-
fluence of Reynolds number, turbulence, and the compressibility of flow
passing over three types of conical and perpendicular five-hole probes.
They computed the critical Reynolds number for each tip of the probe.
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Nomenclature

a Linear interpolation constant
A Calibration parameters

B Calibration parameters

Cp Pressure coefficient

K Polynomial constant

Re Reynolds number

X Equation input

y Equation input

Z Equation output

Greek letters

a Yaw angle

B Pitch angle

p Density [kg/m°]
Subscripts

i Index, i = 1,2,3, ...
t Total

s Static

Patm Atmosphere pressure [Pa]

T Temperature [K]
Abbreviations

ANN Artificial neural network

CE Coefficient of efficiency

CGB Conjugate Gradient with beale
ERBF Efficient RBF

LDA Laser doppler anemometry
LDX Learning rate gradient descent
LM Levenberg-marquardt

MAE Mean absolute error

MLP Multi-layer perceptron

MLSE Mean squared logarithmic error
MSE Mean squared error

PIV Particle image velocimetry

RBF Radial basis functions

RMSE Root mean square error

SCG Scaled conjugate gradient

SE Standard error

Various efforts have been carried out and unfortunately had a restricted
success in overwhelming mentioned errors [17]. The techniques of
five-hole probe calibration are based on an accessed accurate relation-
ship between the measured pressures, flow direction, and other flow
properties. Numerous data reduction methods have represented algo-
rithms to map a relationship between non-dimensional pressure co-
efficients and inflow angles and to estimate total and static pressures.

Ruchala et al. [18] calibrated ten five-hole probes with various
corrected coefficients presented by Johansen et al. [19]. Ruchala et al.
[18] calculated data using interpolation as a data reduction method.
Although they reduced certain uncertainty of a and f angles, they failed
to improve velocity uncertainty. While their results seemed acceptable,
the chosen test data were not proper and were segments of training data.
The range of their data points was small and naturally, the interpolation
method could easily estimate the data algorithm.

An influential training algorithm and powerful prediction capacity
made ANNs a proper choice to solve practical and theoretical problems
in the 1970s. Rediniotis and Vijayagopal [20] applied developed feed-
forward and back forward algorithms to calibrate seven-hole probes.
They optimized the document of the seven-hole probe’s cone angles, a,
and roll angles. Fan et al. [21] employed a neural network algorithm as a
progressive method for the five-hole probes calibration. The capacity of
neural network functions to solve nonlinear problems makes them
suitable to map calibration curves of the five-hole probe and appropriate
for interpolation between the acquired curves.

Murugalal and Kumar [22] used four neural network algorithms,
including Levenberg-Marquardt (LM) algorithm, Conjugate Gradient
with Beale (CGB) algorithm, Variable, Learning Rate Gradient Descent
(LDX) algorithm. They Scaled Conjugate Gradient (SCG) methods to
optimize the data set. They analyzed the effect of multi-hole probe
material on calibration and measurement and figured out that the LM
algorithm was the most appropriate approach for training data. Some-
hsaraei et al. [23] used multilayer perceptron neural network function to
calibrate five-hole probe and compared their results with polynomial
regression predicted data. Also, they investigated the interpolation
capability of the mentioned method in predicting intermediate points.
However, there are similarities between the present work and Ref. [23]
but, novelties of this work led to dissimilar results. In this work, the test
data were different from the neural network training data. Therefore, we
required a more accurate algorithm that simultaneously needed the in-
terpolations and extrapolations. Besides, Somehsaraei et al. [23] needed

to apply neural networks in two steps for each calibration parameter,
leading to more expensive calculations. The other difference was that
5%.order polynomial method was used here, resulting in more precise
results. Finally, in the present study, many possible data selections were
tested to calibrate five-hole probe using a neural network to investigate
the proposed method’s accuracy in all data ranges.

In the present study, a non-nulling system was used to calibrate the
five-hole probe. This technique was performed by setting the probe at
the known a and f angles in the test section regarding flow direction.
Next, five pressures’ value were measured at each point using traversing
the probe over the flow field [24]. Some information about the mea-
surement mechanism of multi-hole pressure probes have been presented
by Majumdar et al. [24]. The present study used radial basis function
(RBF) and multi-layer perceptron (MLP) algorithms to calibrate the
five-hole probe. The predicted results were compared with standard
regressions, including linear interpolation and 5% order polynomial
methods. This study aims to show the capability of presented neural
network methods in the calibration of a five-hole probe. Also, the
reduction effect of training data on the efficiency and performance of
neural network functions has been surveyed. Here, the efficiency of data
reduction methods for five-hole probe calibration and the error assess-
ment of predicted data were investigated with two procedures of RBF
and Efficient RBF (ERBF). Also, different test data were employed to
show accuracy of the present RBF method in predicting calibration pa-
rameters in all data range. . The accuracy and performance of the
method presented in this study were compared with the standard sta-
tistical regression models, including the linear interpolation and
5% order polynomial methods. The most striking feature of the proposed
method is that the test data are independent of training data. Hence, the
nonlinear pattern would be required to predict test data points.

2. Instrumentation

The experiments were conducted in an open circuit subsonic wind
tunnel with a 2.4m-length uniform test section and cross-section di-
mensions of 0.457 x 0.457 m? at the air velocity of 10 m/s. In the test
section, the free-stream turbulence intensity and maximum wind tunnel
velocity were 0.3% and 25 m/s, respectively. A PCI-1716 Advantech
data acquisition card with a 15%-channel pressure transducer was used
for pressure measurements. Pressure sensors were of the Honeywell
differential type with a measurement range of 60 mbar and 1 kHz
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sampling frequency. The pressure sensor and data acquisition card ac-
curacy were 0.25% and 0.03%, respectively. Considering pressure
sensor and data acquisition card accuracy, the calculated uncertainty
level of the employed pressure transducers was +0.5 mbar.

In order to measure pressure using the five-hole probe, the probe was
installed in the wind tunnel using an angle regulator. It was fixed in the
center of the closed test section where the flow was spatially symmetric.
The angle regulator structure was detached from the wind tunnel to
prevent the effects of the vibrations on the measurements. The static and
the total pressure of the upstream flow were measured using a pitot tube
located at the inlet of the test section.

The blockage ratio of probe supporters was less than 3.3% in all
experiments, which was below the 5% threshold determined by Farell
et al. [25]. After relocating the probe, it was paused for 10s to diminish
any possible vibrations. The data was measured in 20s time slots of each
test with a 1kHz sampling frequency. Then, the measured data was
transferred to a computer using the 16-bit PCI-1716 Advantech A/D card
that converts analog voltages to digital ones.

2.1. Five-hole probe

A five-hole probe is an instrument for measuring flow mean velocity,
velocity components, total and static pressures. It is an inexpensive in-
strument with easy implementation due to its simple structure. Fig. 1
shows a perspective view of the five-hole probe and the definition of the
related parameters. In Fig. 1 (a), P;_s represent pressures measured at
holes of probe and alpha and beta are a and f angles in Fig. 1 (b),
respectively. The probe was longitudinally symmetric and the external
tubes were cut out at a 45° angle. The length of the probe and the
diameter of the tube were 200mm and 1mm, respectively.

The probes have different angular ranges over which they can reli-
ably measure the incoming flow. This range is typically around +40° for
the five-hole probes and is up to +70° degrees for seven-hole probes
[26]. The procedure used to prepare the probe for experiments is called
the method of five-hole probe calibration. Here, this process was divided
into two experimental and analytical steps, with the first step done in a
wind tunnel. Next, efficient algorithms were used to relate dimension-
less pressure coefficients obtained in the first step with the flow angles.

2.2. Angle regulator mechanism of five-hole probe calibration

Fig. 2 (a) shows a mechanism needed to position the probe in
different a and $ angles in the five-hole probe calibration process. Here,
the mechanism was of two-degree freedom which can move the probe in
a and f directions. To this end, two-step motors were employed to
ensure the required power for the movement of the mentioned mecha-
nism. The position accuracy of the stepper motors was 1.8° + 0.09°.

(a)
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2.3. Data acquisition

During the calibration procedure, the angle of the five-hole probe
related to flow direction changed using the angle regulator mechanism.
The upstream flow direction was the base or origin state and the « and
angles in this angular position were set to zero. Then, the probe was
fixed at @ =+25.2°, f = —25.2° position and the pressures were recorded
from the holes of the probe. The pressure was measured at different g
angles from = —25.2° to = +25.2° with the interval of 3.6° and at
constant @ =+25.2°. Next, the probe was located at « =+21.6° and the
procedure was repeated. It was continued for different a values with a
=-25.2° the interval of 3.6° and the data were recorded to map an
appropriate algorithm which was used in the second step, i.e., analytical
process of calibration procedure. Fig. 2 (b) shows the data distribution
measured in wind tunnel using five-hole probe.

The a pressure coefficient, § pressure coefficient, total and static
pressure coefficients are calculated as

P; — Py
Cpa= = 1
Pa=p €y
P, —P
Cps= = 2
Pp PP 2
Ps—P,
Cp, = = 3
P=p (3
P57P1
Cps= = 4
=5 "% C)
where
I_J:P1+P2+P3 + Py (5)

4

In Egs. (1)-(4), P; and P; are total and static pressures of free stream,
respectively, measured using a Pitot tube in upstream flow. P;_s are the
measured pressure values at the location of the five-hole probe [27].

3. Data reduction techniques

Regression analysis was the statistical technique used to estimate an
appropriate relationship between different parameters using some
available data. The multiple regression model technique employs more
than one regression variable [28]. Exact interpolation methods are
inaccurate to form a proper model in nonlinear problems [29]. But,
ANNs have the most pivotal role in regression and interpolation tech-
niques as they can analyze complicated patterns and abnormal learning
data in all scientific fields [30,31].

A group of experimentally or analytically datasets is employed when
using regression methods. In this work, the experimental data were

o X

(b)

Fig. 1. (a) The schematic view of five-hole probe; (b) The definition of a and f angles in calibration procedure.
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@

Fig. 2. (a) View of angle regulator mechanism of five-hole probe. (b) Calibration data points.

divided into two groups of training and validation and each group was
divided into input and output data. Then, the regression method was
applied to the training data and the effective parameters were optimized
until the output data achieved the highest accuracy. Next, the test data
were used to validate the algorithm. In the calibration process of the
five-hole probe, data reduction methods were applied twice to predict
the parameters. Flow angles were calculated at the first step of predic-
tion. Then, Cp, and Cp; were computed in the second step. Fig. 3 shows
the two steps of the five-hole probe calibration algorithm for predicting
calibration parameters using neural network functions. The first step
imported Cp, and Cpy as input parameters. The @ and $ angles from
calibration in the wind tunnel were introduced as the output parameters
for the learning step. Next, a and f calibration angles in experimental
calibration were imported as input parameters. Cp; and Cp; were used as
the output parameters of the second training step.

The data set of five-hole probe calibration comprised a 15 x 15
matrix. The dimensionless pressure coefficients were calculated using
the pressure values measured at each special @ and g angles in the wind
tunnel. Two conventional data reduction methods and neural network
algorithms were implemented to predict suitable algorithms in the five-
hole probe calibration. The data at @ = 0° were chosen as the test data to
evaluate the accuracy of the proposed algorithms. Other points were
used as training data reduction methods to access a favorable and
optimized algorithm to predict test points.

Fivehole pressures Neural Network 1
P1, P2, P3, P4, PS5 _
Pitot tube e
Pt, Ps Input (TP . (TP
a b
Angles
L Output a , f

L

ﬁ:(p, P, +Py+D, ) a,B=1(Cpq,Cpp)
4
PP
" pls 76 ::) Neural Network 2
c =7 Training
*opD
_P:—P, Input: o, B
" b —p ‘ ‘
c PP Output: C, , Cp¢
b, i -
a,p Cpp 2 Cps =8 (a,P)

Fig. 3. Schematic of the prediction algorithm steps of the five-hole probe
calibration in neural network.
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(b)

In this study, all training data were implemented to train conven-
tional data reduction methods and neural network functions. Hence, the
number of training data was 210 in RBF method. In the ERBF method,
the pressure values of @ angles, « = —25.2°, —18°, —10.8°, —3.6°, 3.6°,
10.8°, 18° and 25.2° with g angles of f = —25.2° to § = +25.2° with an
interval of 3.6° were used as training data. Hence, the number of
training data in the ERBF method was 120.

3.1. Linear interpolation method

Silva et al. [32] investigated the performance of the linear interpo-
lation method with 4™-order polynomial regression to calibrate a
seven-hole probe and they showed that it improved the calibration
procedure. They reported that using linear interpolation, the error value
of angles and velocity decreased to 0.8° and 1.5%, respectively. Akima
[33] showed that the interpolated surface can fit piecewise planes in the
linear interpolation method. In other words, each surface consists of
some pieces of the plane that apply to one triangle. Another feature of
linear interpolation method is that when the coordinate system is
rotated, the interpolation results retains almost constant [33]. In linear
interpolation method,

Z(xi,y;) =aZ (xi,y;) + bZ" (x;, ;) (6)
where Z, depending on five-hole probe calibration steps, is one of the
flow properties such as a, 5, Cp; or Cp;. a and b are arbitrary constants
and Z and Z” are first and second derivatives of Z, respectively. The
interpolated value is calculated as

Z(x,y) =aZ (x,y) + bZ'(x,y) @

The x and y in the first step of analytical calibration were the @ and
pressure coefficients. In the second step, the x and y were the a and g
angles, respectively. They were measured with the five-hole probe in the
wind tunnel. In the end, the equation of interpolated surface is written as

Z(x,y) = doo + a1oX + any (8

where, agg, @19, and ag; are arbitrary real constants (ago,a0,d01 € R).

3.2. Polynomial curve fitting method

Many researchers, e.g. Ref. [34], have used polynomial regression to
calibrate Multi-hole probes and connected the dimensionless pressure
coefficients to flow properties. Everett et al. [35] used two-variable
3rd-order polynomial functions to represent local inflow angles, total
pressure, and dynamic pressure of conical seven-hole pressure probe.
Zilliac [27] introduced a new method for multi-hole probes calibration
based on 5"-order polynomial method. In that work, it was shown that
using 5™-order polynomial method in seven-hole probe calibration, the
accuracy of measurement improved and the error of angles calculation
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and the velocity estimations reduced. Furthermore, they showed that
5% order polynomial could predict flow angles and velocity magnitudes
with precisions of 1° and 1%, respectively. In the present study, a
5% order polynomial expansion was used for calculating the pressure
coefficients and flow properties as

Zi =K+ KA +K;B; + KiAT + KsAB; + K¢B? + K7A] + KsAB;
+ KoAiB? + KoB] + Ky A + KpAPB; + Ki3APB? + Ky AB? + KB}
+ Ki6A] + Ki7A/B; + Ki3A/B} + K19A7B; + Ko0A;B! + Kz B} (9)
9

where Z depends on a, 3, Cp; or Cp, and the subscript i indicates the flow
feature measured for the i data point. The unknown K parameters are
the calibration constants. In the first step of the calibration, A and B were
considered as the a and f pressure coefficients, respectively, to calculate
their corresponding values. They were calculated using the pressure
values measured by the five-hole probe. Next, for evaluating the Cp, and
Cps, A and B were a and f angles measured in the wind tunnel. Eq. (9) is
abbreviated to a matrix format as

(2] = [Cp][K] 1o

where Zisam x 1 matrix containing one of the four parameters of flow
properties. Cp is a m x 21 matrix containing the pressure coefficients
and K is a 21 x 1 matrix containing polynomial constants. Matrix Z was
defined by flow characteristics measured in wind tunnels. The variables
of the matrix Cp were determined using the pressure values measured at
the ports of the five-hole probe. Hence, estimation of the unknown
polynomial constants was the purpose of this calibration method. The
polynomial constants were calculated as [36]

[K] =[Cp'Cp] '[Cp]"[Z] an

The calibration procedure was finished once the polynomial con-
stants converged. The probe could measure the unknown flow properties
if the inflow angles were in the calibration range. The polynomial con-
stants were calculated in MATLAB based on Eq. (11). Table A 1 (in ap-
pendix) includes the coefficients of the 5™-order polynomial calculated
in this work.

4, Artificial neural networks

Similar to the biological brain and nervous systems, ANNs can
improve their technical performance. ANNs are able to create a pattern
from observations or experimental data and train and improve it. The
main advantages of using neural network analysis are processing large
data and attaining desirable results. Compared to other regression al-
gorithms, ANNSs use less training data to map the proper algorithm and
obtain the best correlations between dependent and independent vari-
ables. It was also shown in Ref. [37] that ANNs have an efficient per-
formance with good accuracies in providing relationships between
complex and nonlinear input-output data sets. The main drawbacks of
neural networks are great computational cost and also, there is no spe-
cific rule for determining their structure [38]. An ANN is assigned to
parallel systems formed with simple processing units called Nodes or
Neurons [39]. Neurons are processing units that makes the neural
network a parallel system. The two popular networks with analogous
usages but different structures are RBF and MLP [40].

4.1. Radial basis function

RBFs are means to approximate multivariable (also called multi-
variate) functions by linear combinations of terms based on a single
univariate function. RBF network in its simplest form is a feedforward
neural network.

Feed-forward neural networks are the most widely used models in
many practical applications. A feed-forward neural network is a

Flow Measurement and Instrumentation 86 (2022) 102189

biologically inspired classification algorithm. The information flows
through the input layer of several hidden layers and a final layer of
output nodes in this network. During normal operation, there is no
feedback between layers [41]. RBF algorithms was first employed for
regression problems by Broomhead and Lowe [42]. This algorithm has
various capabilities, including proper generalization, input perturba-
tions and online learning [43]. An RBF network is based on localized
basis functions and iterative function approximation. Although RBFs
might need more neurons than MLP networks, it can often train data
faster than other algorithms and its mechanisms are much simpler [44].

An RBF consists of three layers: the data measured in training
network, establishes the input layer; Neurons creating radial-basis
Gaussian functions are known as a hidden layer; and the third is the
output layer [45]. Fig. 4 shows an RBF network structure with j input
data. It is embedded in three layers, including the input layer with input
nodes as Py, P3, ..., P;, output layer consisting of linear activation
function and Y1, Y»,..., Y; as outputs and a hidden layer containing
neurons with radial basis transfer functions. The arbitrary single neuron,
prepared to form the output layer, is called bias. Each input neuron is
fully connected to the hidden layer neurons except the bias one. This
layer transforms the input space into the hidden space with higher di-
mensions than the input layer. Each hidden unit acts as a locally tuned
processor that computes a score for the match between the input vector
and its connection weights or centers [46]. Each hidden unit locally
estimates the similarity between an input pattern and its connection
weights or centers. The output layer, consisting of linear units, produces
output for each input data [47].

The RBF is defined as [48]

Di(p) = i Wi . Fi(p) 12)

where D; is the input of output layer of the RBF, Fy is the output of
transfer function, Wy is the weight vector between the k™ hidden layer
and the i output layer. The RBF has activation functions in hidden and
output layers. The applied activation function was the Gaussian, aka
Transfer Function, as

A= 0-a=en| - (52| a3
Ok

where is the Euclidean norm, c is the prototype sample for the center of

the RBF for the hidden node k, and oy denotes the corresponding width

of k% node which controls the smoothness of the interpolating function.

The second activation function in RBF is a linear function, which is

located in the output layer, as

Y (pi) = purelin (ni) a4

where Y is the output of RBF for the input data of P;, n is the output of the

® Output Layer
Hidden Layer

Input Layer

Fig. 4. The schematic of RBF’s structure.
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igy hidden layer, and purelin function changes calculated inputs to create
a network properly.

RBF aims to estimate the suitable centers for Gaussian functions and
weights between the results of hidden layers and output layers to model
appropriate algorithms between training data. Mathematical algorithms
such as genetic algorithm, orthogonal least squares learning algorithm
and random selection are the ways to choose the centers [49]. Orr [50]
represented several methods to select the centers and the number of
neurons. Orr [50] stated that the assessment of neural network topology
is an effective factor in achieving precise results. In the present study,
the centers of hidden neurons were calculated using input data and the
random sampling method. The RBF uses an optimization method to
minimize Mean Squared error (MSE) between target and predicted data.
In the present work, newrb, a MATLAB function, was used to accelerate
RBF in predicting refined algorithms from training data points.

4.2. Multilayer perceptron algorithm

The neurons are organized into layers in a multilayer perceptron
(MLP) and have just forward connections [51]. The ability to define a
problem empirically using sufficient examples can be an advantage of
using MLPs  compared to  describing it analytically.
Levenberg-Marquardt (LM) algorithm, as a development multilayer
perceptron, can be regarded as an effective and efficient technique to
estimate the unknown parameters [52]. Fig. 5 represents a Levenberg-
Marquardt diagram with six groups of input data. The LM algorithm in
MATLAB software is called trainlm function.

In Fig. 5, the first layer is called the input layer and includes several
neurons, often equal to the number of inputs. In general, each input is
connected to all input data. Hidden layers are all the layers between the
input and output layers and include many neurons. The error gradient is
determined from the derived activation function multiplied by the error
in the output layer neuron [54]. As reported in Ref. [55], a trained MLP
has a satisfactory generalized capability to map input patterns into
target estimation. The theoretical framework of the MLP method is
carefully discussed in Ref. [56].

Levenberg-Marquardt is a way that can be considered as the modified
version of the Gauss-Newton process in which the parameters of the
optimization process can be set [57,58]. The LM algorithm combines the
gradient reduction and Gauss-Newton methods. The LM algorithm is
applied widely in solving inverse problems in engineering [59]. In
general, a trained LM has a fantastic satisfactory generalized capability
in mapping input patterns into target estimation as reported in Ref. [60].

Input layer

Hidden layer

Fig. 5. Schematic of Levenberg-Marquardt algorithm with six groups input
data, one hidden layer and an output data [53].
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The parameters of the LM algorithm change between the gradient
reduction and Gauss-Newton methods. Levenberg Marquardt equation
can be rewritten as [61]

[7" Wi + Kdiag (J"WI) | by =T W(y — ) 15)

where W and J are weight factors and Jacobean matrix, respectively. y
and y are predicted and experimental data, respectively. h sorts the
parameters in the steepest descent. The small amounts of 1 are due to
updating the gradient reduction functions that influenced Gauss-Newton
functions and large amounts of K. In this work, the K parameter was
given high values initially. If X?(p +hy,) > X2(p) at any iteration, K value
increases. Otherwise, K decreased to improve the accuracy of LM
method [62].

Despite the structural similarities between the two methods, MLP
and RBF, they have different performances in terms of algorithm
modification. RBF usually needs more neurons than the MLP functions
but is easier structurally than MLP networks, because it consists of three
layers. For this reason, training speed of the RBF networks are higher.
RBF networks are local approximation networks because special hidden
layers determine the network output in the marked local receptive
fields. The neurons of the RBF network are classified by hyperspheres.
While in MLP, networks’ hypersurfaces classify the neurons [63]. Each
neuron responds to the small input data space, and the RBF adds extra
neurons to the network until the obtained training data reaches the
expected precision.

Some effective parameters were changed in each prediction method,
continuously. In MLP and RBF methods, effective parameters were the
size of hidden layers, type of transfer function for hidden and output
layer, backprop network training function, performance function, the
maximum number of epochs to train, performance goal, epochs between
displays, mean squared error goal, the spread of radial basis functions
and number of neurons. Interpolation mode, interpolation points, de-
grees, and robust were effective parameters in linear interpolation or 5t
order polynomial methods.

5. Results and discussion

This section compared the predicted data in different calibration
methods using statistical parameters. The data with a = 0° were selected
as test data to investigate the efficiency of different calibration methods
obtained using train data. Moreover, the performance of calibration
methods was analyzed to predict test data that were dependent on train
data. The efficiency of neural network method was compared with linear
interpolation and 5% order polynomial methods in five-hole probe
calibration. Also, the effect of train data reduction on the accuracy of the
five-hole calibration was estimated. Ultimately, different test data se-
lections were examined to show the present study’s innovation
compared to the common calibration methods and the result of
Ref. [23].

Root Mean Square error (RMSE), Standard error (SE), Mean Absolute
error (MAE), Absolute error (AERR) and the Coefficient of Efficiency
(CE) were statistical parameters for the evaluation of neural network
performance. The parameters are defined as

(16)
a7

_l N
MAE*N ;|ui —M,'| (18)
AERR =ity — u;| 19
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CE—1_ 2=t — )" (20)
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where N is the number of test data ﬁi , u; and li\i are predicted, measured,
and mean of the predicted data, respectively. According to Egs. (16)—
(20), performance of the neural network is better when RMSE, SE,
AERR, and MAE are closer to zero and CE is closer to unity.

Firstly, the specific performance of different neural network algo-
rithms was investigated here. Two current methods, RBF and MLP
methods, were used to estimate proper algorithms on training data.
Tables 1 and 2 report the capability of various types of neural network
functions to predict five-hole probe calibration coefficients. RMSE for a
angle were 0.1558 and 0.1737 in RBF and MLP methods, respectively.
Also CE values for Cp; prediction in RBF method and MLP method were
0.982 and 0.964, respectively. RBF method estimated $ angle and Cp,
nearly as same as MLP method. Totally, RBF method had a better and
more precise performance compared to MLP method.

Figs. 6 (a), 6 (b) and 6 (c) show three-dimensional surfaces for a
angles for 5% order polynomial method, linear interpolation and RBF,
respectively. The fitted surfaces that pass through $ angles into Cp, and
Cps are shown in Figs. 6 (d), 6 (e) and 6 (f) for the three proposed
methods. As shown in Fig. 6, the data variation has more complicated
patterns in the 5% order polynomial method. At the same time, in the
linear interpolation method, the changes in data were smoother than the
polynomial surfaces of regression. Figs. 7 (a), 7 (b) and 7 (c) show the
predicted Cp, and Figs. 7 (d), 7 (e) and 7 (f) show the predicted Cps
surfaces. Inherent nature of the functions and the applied methods led to
wavy predicted surfaces in 5™ — order polynomial and in some sections
of the linear interpolation methods. Predicted surfaces without a wave
in the RBF method show the RBF method keeps its accurate pattern in all
range of train data. Tables A2-AS5 illustrates the experimental values of
each parameter of test points and its predicted values using applied
methods. Here, the test data were used to estimate the capacity of data
reduction methods in the calibration of the five-hole probe.

Fig. 8 shows the predicted test data calculated using RBF, linear
interpolation and 5%-order polynomial methods. In Fig. 8, the predicted
test data are compared with experimental data for @ and j angles, Cp;
and Cp;. As shown in Fig. 8, the predicted data by RBF are in a better
agreement with experimental data than linear interpolation and 5%
-order polynomial methods.

Fig. 9 shows the histograph of absolute error to clarify the difference
between the experimental and predicted data computed by data
reduction methods for test data. Comparing the mean absolute error of
the present work and that of Ref. [23], in the best case, the Cp; and Cp;
were 0.02 and 0.03, respectively. The mean absolute error in calculating
S angle was 0.64 in the present work and 0.57 in Ref. [23]. It can be said
that the most considerable difference was observed for the a angle,
which was 0.11 and 0.27 in the present work and in Ref. [23], respec-
tively. This indicates the good performance of the RBF method used here
for predicting the calibration parameters.

As seen in Fig. 9 (a), the maximum absolute error for the a angles
calculated by RBF, linear interpolation, and 5% order polynomial
methods were 0.4745, 0.5979, and 0.9158, respectively. It is seen in

Table 1
Statistical comparison of neural network functions in process of five-hole probe
calibration for a and $ angles.

Method Statistical parameter a B

MLP RMSE 0.1737 0.8510
SE 0.0448 0.2197
CE - 0.997

RBF RMSE 0.1558 0.8316
SE 0.0402 0.2146
CE - 0.997
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Table 2
Statistical comparison of neural network functions in process of five-hole probe
calibration for Cpt and Cps.

Method Statistical parameter Cp; Cps

MLP RMSE 0.434 0.0463
SE 0.0112 0.0119
CE 0.978 0.964

RBF RMSE 0.0452 0.0327
SE 0.0116 0.0084
CE 0.976 0.982

Fig. 9 (a) that the absolute minimum error of @ angles for RBF, linear
interpolation and 5™-order polynomial methods were 0.0069, 0.0016,
and 0.017, respectively. Fig. 9 (b) shows that the maximum absolute
error for the f8 angle estimated by RBF, linear interpolation and 5™-order
polynomial methods were 1.7036, 2.5527, and 2.6438, respectively.
The absolute minimum mistake of predicted p angles for RBF, linear
interpolation, and 5% order polynomial algorithms were 0.0433,
0.0579, and 0.0927. In addition, the maximum absolute error of
computed Cp; for RBF, linear interpolation, and 5"-order polynomial
methods were 0.1046, 0.1635, and 0.1136, respectively. According to
Fig. 9 (c¢), the Maximum absolute error of the Cp, for RBF, linear inter-
polation, and 5™-order polynomial methods were 0.0656, 0.0807, and
0.0884, respectively. The absolute minimum error of Cp; for RBF, linear
interpolation, and 5"-order polynomial methods were 0.0044, 0.0009,
and 0.0119, respectively. Fig. 9 (d) shows that the absolute minimum
error of Cp, for RBF, linear interpolation, and 5™-order polynomial
methods were 0.0015, 0.0021, and 0.0020, respectively. It should be
noted that the maximum error associated with the method used in
Ref. [23] for a, B, Cp; and Cps were 1.625, 1.698, 0.188, and 0.298,
respectively, which indicates the higher accuracy of the present work
with a smaller amount of training data. Tables A2-A5 (in Appendix A)
present experimental values of each parameter of test points and its
predicted value using applied data reduction methods. Here, the test
data were used to estimate the capacity of data reduction methods in the
calibration of the five-hole probe.

5.1. Error assessment

The statistical parameters calculated using predicted data from the
RBF method were compared with their same value predicted by linear
interpolation and 5™-order polynomial methods, here. Tables 3 and 4
evaluates the RBF efficiency of data reduction methods. The RMSE and
SE of the RBF method for o and f§ angles were smaller than other con-
ventional calibration methods. Table 3 shows that the efficiency coef-
ficient was closer to one in the RBF method for a and p angles. The RMSE
and SE of Cpt and Cps for the RBF method were closer to zero (Table 4).
CE value was closer to one for RBF method compared to that of linear
interpolation and 5%-order polynomial methods. The mentioned results
show that the RBF algorithm was more accurate in prediction of flow
properties in comparison with linear interpolation and 5% order poly-
nomial methods. The linear interpolation method outperformed the 5th.
order polynomial method in the a and p angles calculation process. The
5% order polynomial method had better efficiency than linear interpo-
lation in calculating the Cpt and Cps.

Tables 5 and 6 examine the effect of reducing training data on the
efficiency and accuracy of data reduction methods. According to Ta-
bles 5 and 6, it is concluded that the RBF method performed much better
in predicting the $ angles and Cp; and Cp;. It was seen that the accuracy
of the linear interpolation method in the prediction of a angles was
slightly better than the RBF method. The efficiency of RBF to predict
flow properties weakened by reducing training data. At the same time,
the 5%-order polynomial method’s performance was better and the
performance of linear interpolation method did not have any noticeable
changes. It could be concluded from Table 6 that the efficiency of RBF
methods in the calibration of the five-hole probe improved by increasing
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Table 3
Comparison performance of RBF to linear interpolation and 5%-order poly-
nomial methods in five-hole probe calibration for a and # angles.
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Table 8
Statistical comparison of the Cp, and Cp; prediction for MLP [23] and ERBF
methods.

Method Statistical parameter a p Method Statistical parameter Cp: Cps
5%-order polynomial RMSE 0.484 1.3123 MLP (Ref. [23]) MAE 0.02 0.03
SE 0.1249 0.3383 Maximum AERR 0.188 0.298
CE - 0.922 ERBF (Present study) MAE 0.008 0.02
Linear interpolation RMSE 0.2185 1.072 Maximum AERR 0.179 0.229
SE 0.0564 0.2768
CE - 0.995
RBF (present study) RMSE 0.1558 0.8316 the number of training data. Nonetheless, conventional data reduction
21155 0.0402 8'5;‘7‘6 methods did not have any sensible profit for the RBF algorithm in the

Table 4
Comparison performance of RBF to linear interpolation and 5%-order poly-
nomial methods in five-hole probe calibration for Cp, and Cp;.

Method Statistical parameter Cp: Cps
5%_order polynomial RMSE 0.0477 0.0494
SE 0.0123 0.0127
CE 0.947 0.959
Linear interpolation RMSE 0.0683 0.0459
SE 0.0176 0.0118
CE 0.947 0.965
RBF (present study) RMSE 0.0452 0.0327
SE 0.0116 0.0084
CE 0.976 0.982

Table 5
Comparison performance of ERBF to linear interpolation and 5%-order poly-
nomial methods in five-hole probe calibration for a and  angles.

Method Statistical parameter a p
5%_order polynomial RMSE 0.4693 1.0173
SE 0.1211 0.2627
CE - 0.995
Linear interpolation RMSE 0.2184 1.072
SE 0.0564 0.2767
CE - 0.995
ERBF (present study) RMSE 0.2443 0.9597
SE 0.0631 0.2478
CE - 0.996

Table 6
Comparison performance of ERBF to linear interpolation and 5%-order poly-
nomial methods in five-hole probe calibration for Cp; and Cp;.

Method Statistical parameter Cp, Cps
5%_order polynomial RMSE 0.1656 0.0491
SE 0.0427 0.0127
CE 0.688 0.961
Linear interpolation RMSE 0.0682 0.0459
SE 0.0176 0.0118
CE 0.947 0.965
ERBF (present study) RMSE 0.0587 0.0431
SE 0.0151 0.0111
CE 0.961 0.967

Table 7
Statistical comparison of the @ and  angles prediction for MLP [23] and ERBF
methods.

Method Statistical parameter a B

MLP (Ref. [23]) MAE 0.27 0.57
Maximum AERR 1.625 1.698

ERBF (Present study) MAE 0.16 0.53

Maximum AERR 1.372 1.491

10

ERBF calibration procedure. Finally, the best situation for the five-hole
probe calibration was related to the RBF method.

Tables 7 and 8 compare the results obtained in the study of Ref. [23]
and those of in ERBF method in the present work. The mean absolute
error for o and f angles were 0.16 and 0.53 in the present study and 0.27
and 0.57 for a and f angle for Ref. [23], respectively. In the present
work, the maximum absolute error for @ and f angles were 1.372 and
1.491, respectively, and were 1.625 and 1.698, respectively, in
Ref. [23]. The MAE values and the maximum absolute error obtained in
the ERBF method were 0.008 and 0.179, respectively, for Cp; and were
0.02 and 0.229 for Cps, respectively. In contrast, the MAE for Cp, and Cp;
in Ref. [23] study were 0.02 and 0.03, respectively. Accordingly, the
higher accuracy of the present neural network compared to that of
Ref. [23], even with the lower number of training data in the ERBF
method, is obvious.

The outlier data and gross errors had incompatible effects on the
regression and data prediction [64]. Liano [64] introduced the Mean
Squared Logarithmic error (MLSE) function to refine criteria across the
oulier data statistically and suppress the noise impacts. The lower effect
of outlier data, the smaller MLSE (MLSE>0). It is defined as [64]

1 & 1
MLSE = ;L()g<1 +§(Q,~ - u,»)2>

Table 9 presents the MLSE of flow properties for different data
reduction methods. The MLSE values in Table 9 confirm the conclusion
obtained from other statistical parameters. It indicates that the effect of
outlier data on the performance of regression and interpolation pro-
cedure was unnoticeable or negligible in the calibration process of the
five-hole probe.

(21

5.2. Effect of data selection

This section investigates the influence of different test data selections
on the accuracy of proposed RBF method. Random selection, data with g
= 0°, and increasing the number of test data were the different ap-
proaches for the test data selection. The aim is to demonstrate the
assurance of the present prediction RBF method to calculate each data
point in the calibration range. Figs B 1- B 6 show scatter plots of train
and test data distribution for each analysis.

A certain method for data selection for the five-hole probe calibra-
tion is not clearly justified in the literature. However, it is common to
use randomly selected data [65]. When the data are randomly chosen, it
is probable to have equal training and test data for an a. Also, it is
possible that two data points at an a be equal. The MAE values calcu-
lated for RBF and random RBF were 0.11 and 0.003, respectively, while
the MLP method reported by Ref. [23] was 0.27, which indicates the
privilege of the present methods. Besides, the MAE values for the g angle
resulting from the three methods, RBF, random RBF, and MLP [23],
were 0.64, 0.046, and 0.57, respectively. These observations indicate
the privilege of the present methods in @ and  prediction than Ref. [23].
The Cp; and Cp; values in the Random RBF method were 0.001, 0.004,
lower than those obtained from other methods in the present study.
Therefore, the neural network performed better with random training
data for @ compared to when o = 0° was taken. This happened because in
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Table 9
The MLSE of calibration parameters in RBF and ERBF methods.
Parameter RBF method ERBF method
5t"_order polynomial regression Linear interpolation RBF (present study) 5t"_order polynomial regression Linear interpolation RBF (present study)
a 0.009859 0.045726 0.00509 0.042007 0.009859 0.012619
p 0.158406 0.224846 0.108282 0.15683 0.158406 0.13255
Cpe 0.001007 0.000494 0.000443 0.005888 0.001007 0.000747
Cps 0.000458 0.00053 0.000233 0.000523 0.000458 0.000402
the proposed RBF method, the training data did not correspond with the Table 11
able

a = 0°. Besides, the present observations showed that implementing «
=0° as the test data led to more challenges for the neural network. As
seen, the neural network of the present work could predict the test data
with random a and a = 0° with a high accuracy which indicates the high
performance of the proposed RBF method.

Next, the data with the angle of g = 0° were selected as test data to
investigate the influence of a angle on five-hole probe calibration using
the RBF method. Tables 10 and 11 show MAE and maximum absolute
error for a, # and Cp,, Cps, respectively. MAE values for prediction a, f,
Cp; and Cp; using the RBF method at g = 0° were 0.11, 0.51, 0.008 and
0.001, respectively. Accordingly, the MAE and maximum absolute error
reported in Ref. [23] had higher values than the present study. Hence, it
can be concluded that the RBF method used in the present study was
more accurate than Ref. [23] calculating non-dimensional calibration
coefficients of five-hole probe, even with variable a angles.

To prove that the proposed method was capable of predicting all data
points accurately in the calibration range, the number of test data was
increased. Hence, 30 data points were selected as test data in two di-
visions. In the first division, the number of training data was 195 and
data at angles a = +7.2° and f = —25.2° to f = +25.2° with an interval
of 3.6° were selected as the test data. Therefore, test data were inde-
pendent of train data which is the innovation of the present study. The
statistical parameters for the accurate estimation of the RBF method in
predicting 30 test data were compared with the MLP method [23] in
Tables 12 and 13. MAE values for a, Cp; and Cps were 0.03, 0.003, and
0.002 in the RBF method, respectively, which were less than the cor-
responding values in Ref. [23]. Despite the maximum absolute error for
S angle being more in the present study, comparing other parameters
with the results of Ref. [23], one can conclude that the RBF method with
30 test data was more accurate than the MLP method [23], as well. In the
second division, 30 test data were randomly selected, and so test data
were related to training data.

Tables 12 and 13 represent the results obtained in Ref. [23] and those
of RBF method in the present work for 30 random test data.

Although maximum absolute error values for a and j angles in the
present study were more than Ref. [23], MAE values for a, 5, Cp, and Cp;
were more close to zero. In the 30 test data random RBF method, MAE
values for a, 5, Cp; and Cps; were 0.06, 0.248, 0.009 and 0.001, respec-
tively. As a result, the RBF method in both 30 test data and 30 random
test data were more accurate than Ref. [23] for predicting the calibra-
tion parameters of the five-hole probe. Hence, the proposed RBF method
of the present study could provide accurate results over the full range of
the five-hole probe calibration.

Table 10
Statistical comparison of @ and  angles prediction for MLP method [23] and RBF
method (3 = 0°).

Method Statistical parameter a B

MLP (Ref. [23]) MAE 0.27 0.57
Maximum AERR 1.625 1.698

RBF (p = 0) MAE 0.11 0.51

Maximum AERR 1.402 1.63
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Statistical comparison of the Cp, and Cps prediction for:
method (8 = 0°).

MLP method [23], RBF

Method Statistical parameter Cp: Cps
MLP (Ref. [23]) MAE 0.02 0.03
Maximum AERR 0.188 0.298
RBF (p = 0°) MAE 0.008 0.001
Maximum AERR 0.288 0.145
Table 12

Statistical comparison of the a and f angles prediction for MLP method [23], 30
test data RBF and 30 random test data RBF.

Method Statistical parameter a B
MLP (Ref. [23]) MAE 0.27 0.57
Maximum AERR 1.625 1.698
RBF (30 test data) MAE 0.03 0.61
Maximum AERR 1.147 1.793
RBF (30 Random test data) MAE 0.06 0.248

Maximum AERR

2.683

2.361

Table 13
Statistical comparison of the Cp, and Cps prediction for MLP method [23], 30 test
data RBF and 30 random test data RBF.

Method Statistical parameter Cp; Cps
MLP (Ref. [23]) MAE 0.02 0.03
Maximum AERR 0.188 0.298
RBF (30 test data) MAE 0.003 0.002
Maximum AERR 0.176 0.162
RBF (30 Random test data) MAE 0.009 0.001
Maximum AERR 0.214 0.167

5.3. Effect of the hidden neurons

Fig. 10 shows the effect of number of neurons in hidden layers on the
performance of the RBF method. The mean square error (MSE) is defined
as

MSE =— (22)

The MSE was calculated for several neurons from 0 to 200. Fig. 10 (a)
shows the MSE for a and f angles. It is seen that the errors were almost
constant after adding 75 and 150 neurons for a and f angles, respec-
tively. The MSE values for Cp, and Cp; are shown in Fig. 10 (b). It is seen
that the MSE did not significantly vary after adding 100 neurons for Cp;
and 75 neurons for Cp;.

The effect of the number of neurons on the efficiency of the MLP
method was investigated in five-hole probe calibration. CE, MAE, and
RMSE values at the different numbers of neurons were represented for a,
B, Cprand Cps in Tables A6-A9. The number of neurons was considered 5
to 50 with an interval of 5, the same as Ref. [23]. According to the re-
sults, the most effective number of neurons for the prediction of a, f, Cp;
and Cp; in the MLP method were 35, 40, 25 and 40, respectively.
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5.4. Uncertainty analysis

This section presents uncertainty analysis of five-hole probe cali-
bration, velocity magnitude derivation, and other parameters related to
the calibration process of the five-hole probe. In this study, the confi-
dence level of 95% was considered. If R is expressed mathematically as
R = R(x1,X2,...,Xn), the best relation for the relative uncertainty of R is

defined as [66]
+ x]><R>< 2+ x2><R>< 2+ +x"><R>< ’
ug = —X—Xu =X —Xu =X — XU,
R R x ! R x 2 R x,
(23)

where x;...x, are independent parameters and u;...u, are the corre-
sponding uncertainties. Table 14 shows the relative uncertainty of the
different parameters.

6. Conclusion

As the efficient function of neural network, the RBF’s proficiency was
compared with linear interpolation and 5% order polynomial methods in
five-hole probe calibration. Test data have less related to train data, and
data reduction methods should carry out interpolation processes. Root
Mean Square error, Standard error, and Coefficient of Efficiency were
examined to evaluate the performance of calibration methods. Besides,
inflow angles, Cp; and Cp; were also examined. Predicted test data using
RBF were more accurate than computed data using MLP algorithms. The
RBF and ERBF methods outperformed both linear interpolation and 5%
order polynomial methods. The RBF method’s SE and RMS were lower
than other data reduction methods. The maximum MAE for a and  were
0.4745 and 1.7036, respectively, and the associated RMS values were
0.15 and 0.84, respectively. Besides, the maximum absolute error and
RMS were 0.1046 and 0.0452 for the Cp; and were 0.0656 and 0.0327
for the Cps, respectively. Different data selection approaches including a
variation, random test data and increasing the number of test data were
investigated. The results demonstrated that the RBF method was more
accurate than previous works in all data selection approaches. The
number of outlier data measured in the experimental calibration process
was negligible and their effects on the accuracy of the present study
could be ignored. The results showed that ANNs could find the best al-
gorithm capable to predict the test data and interpolate the learning
data. Additionally, the flexibility of the present neural network in
choosing the test data or assuring good accuracy over the full range of
calibration was prominent excellence compared to the previous works.
This led to more accurate calibration of the five-hole probe and lower
time in data collection in a wind tunnel.
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Table 14
Relative uncertainty of the effective parameters.

Parameter Relative Uncertainty (%) Parameter Relative Uncertainty (%)

Up, 0.15 up, 2.36
Up, 2.04 Uup 3.51
Up, 0.91 ur 1.61
Up, 2.66 Upym 0.05
Ups 0.82 u, 1.56
up,, 0.97 uy 3.97
Uq 0.16 up 0.83
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