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ABSTRACT

This work presents procedures for implementing machine
learning methods into existing algorithms for multi-hole probe
calibration and data reduction. It demonstrates that using arti-
ficial neural networks (ANNs) can decrease the amount of cali-
bration data needed to achieve a specific calibration uncertainty
by over 50%, while also significantly reducing data reduction
times. Instead of surface fitting methods, ANNs are employed.
Initially, directional calibration coefficients related to flow an-
gles are computed based on pressure measurements, and then
these flow angles serve as input parameters for subsequent ANNs
to iteratively define Mach number, static pressure, and total pres-
sure. In an alternative approach, new calibration coefficients
directly relate pressure measurements from the five-hole probe
to the quantities of interest, thereby eliminating the need for it-
erative algorithms used in conventional surface fitting methods.
This method offers several advantages: an average increase of
less than 1% in calibration uncertainty for flow angles and a sig-
nificant reduction in data reduction times to a few seconds on
average. Additionally, the methodology is confirmed to avoid
both over- and under-fitting.

NOMENCLATURE

cp Calibration coefficient.

a Yaw angle.

v Pitch angle.

P Pressure.

P, Stagnation (total) Pressure.

P, Static Pressure.

V  Velocicty vector.

Ma Mach number.

M Machine learning model.

n, Number of hidden layers.

n, Number of neurons per layer.
X Feature vector.

o Error.

cp Calibration coefficient.

INTRODUCTION

Multi-hole probes, such as five and seven hole probes are
proven to be one of the most robust, simple and cost effective
instruments to obtain time-averaged three-component velocity
measurements [1,2]. Based on the measurements from 3, 5,
or 7 pressure ports on the tip of the probe and by utilizing ap-
propriate calibrations, flow characteristics including flow angles,
total and static pressures can be calculated in the flow fields
with flow angles up to 75 degrees as demonstrated by several
researchers [3—5]. These probes are intrusive flow diagnostic in-
struments, and thus, probes with diameters as small as 1 mm can
be fabricated to minimize possible flow disturbances [6].

A directional probe can be operated in two modes, yaw-
nulling method and non-nulling method. The probe is placed in
the flow and yaw is adjusted to obtain similar pressure readings
from opposite ports in the yaw-nulling method. While the cali-
bration and data reduction can be relatively faster in this method
The process of data acquisition is complex and requires very



long settling times for the pressure readings to stabilize. In the
non-nulling method, the pressure readings from the ports on the
probe are related to flow properties of interest using a calibration
map. This method requires a large set of calibration data and rel-
atively long data reduction times however, operation of the probe
through measurement is much less complex. This work investi-
gates and improves the non-nulling mode of operation for five
hole probes.

Probe calibration is generally obtained in an open jet [7]
or a closed wind tunnel [8]. Probe is placed in a flow-field
with known velocity magnitude and flow direction. At a given
Reynolds number, the probe is then pitch and yawed through a
range of angles to exceed the range of possible velocity vector
orientations in the unknown measurement flow field. For each
probe orientation, the pressures from the five holes are recorded
[9]. Tt is important to note that if the flow temperature in the
flow field where the pressure will be utilized is similar to the cal-
ibration temperature, the Reynolds dependency in the calibration
procedure can be reduced to the Mach number dependency. This
procedure is usually performed for angle increments of 1 —2deg.
for various Mach numbers of interest. This approach may need
to be repeated for more than 1000 times to cover the calibration
points [10] at a given Mach number. After the probe is calibrated,
it can be used to measure the flow properties in an unknown flow-
field by measuring the pressure values from the five ports and
comparing them to the calibration data. Primary advantage of
utilizing the non-nulling method is that the calibration will stay
valid as long as the probe tip geometry is intact [11]. Two plane
calibrations can be repeated during the life of the probe to further
validate the calibration [12].

The differential pressure readings from the calibration data
can be reduced to non-dimensional pressure coefficients to con-
struct calibration maps [13]. When the probe is placed in a flow
with unknown flow properties, the differential pressure coeffi-
cients are calculated based on the pressure measurement and
then, the same differential pressure coefficients should be found
in the calibration maps [14].

Bryer [15] has assessed some of the earlier general cali-
bration methods and reported the limitations of these models.
Dudsinsky and Krause [1] utilized graphical methods to ob-
tain the flow characteristics from calibration maps while Galing-
ton [16] used polynomial curve fitting. Richert and Wednt [17]
used a two-dimensional Taylor expansion of the calibration map.
Wenger [18] utilized look-up error tables for calibrating seven
hole pressure probes. This involved adding an extra step to the
traditional calibration methods for interpolation of the error look-
up tables. A global surface is fitted to the data in order to re-
duce the magnitude of interpolated parts of the calibration in
this method. Then, a local interpolation of lower order poly-
nomial fitting was utilized. This process minimizes the poten-
tial for error associated with oscillation in the interpolation func-
tion in between the calibration points. Milanovic [19] introduced

a numerical calibration method for probes in supersonic flows.
Curve fitting and direct interpolation techniques were compared
by Sumner [20]. He concluded that both methods showed the
same level of accuracy. Pisasale [21] investigated the probe tip
geometries and used the potential flow theory around the tip to
extend the calibration range. Yasa [22] introduced new cali-
bration coefficients and a robust regression technique to use the
complete calibration data for data reduction. These coefficients
are not based on differential pressure differences from the op-
posite ports. Thus, the method can be still effective even if one
of the pressure ports are clogged. However, the data reduction
and calibration times are considerably longer than the traditional
methods due to the iterative process of comparing calibration co-
efficients from each measurement point to the whole calibration
data-set.

Machine learning (ML) techniques can be used to establish
the mapping function between the pressure coefficients and flow
properties of interests to address some of the shortcomings of
the more established calibration and data reduction techniques.
Baskaran et al. [23] used neural networks to establish a nonlin-
ear mapping from an input space of experimentally measured dif-
ferential pressure coefficients to an output space of flow angles,
total, and static pressures. Probabilistic Neural Networks (PNN)
and Multi-Layer Feed-forward Neural Networks (MLFNN) were
utilized to define the mapping function. Prediction uncertainties
up to 33% were reported by the authors for the proposed neu-
ral networks. The variation of the calibration map with Mach
number was neglected by the authors. Soltani et al. [24] pro-
posed using the feed-forward General Regression Neural Net-
works (GRNN) in order to define the mapping function between
normalized pressure coefficients and the flow properties of in-
terest. The calibration method utilized two separate sets of co-
efficients to perform calibration for flow with low- and high-
angle regimes. The prediction uncertainties reported for pitch
and yaw were in order of 0.12° in the range of calibration from
0% to 65°. The prediction uncertainty reported for roll angle
was 0.17°. Such low levels of prediction uncertainties were ex-
pected for large calibration data-set with neglecting the varia-
tion of calibration with Mach number. Rediniotis [25] proposed
an approach using Artificial Neural Networks in calibration of
multi-hole probes. However, this method suffers from low con-
vergence speeds and the unavoidable local minima in the process
of learning for the ANNs. Momentum learning was proposed
by the authors to avoid this shortcoming. The adaptive learn-
ing method was utilized to increase the speed of convergence in
this work. Prediction uncertainty of up to 0.7° was reported for
angular predictions at a specific Mach number. Prediction un-
certainty of up to 1.4% for velocity was reported in their work.
The authors did not specify the range of velocities considered in
training the ANNSs for their work. The maximum speed noted in
the experimental facility for calibration was reported as 45.7m/s,
which avoids the complexity of calibration in the compressible



flow regime. Fan [26] used Differential Evolution Algorithm to
address the shortcomings faced by Rediniotis [25]. Acceptable
averaged prediction uncertainty of 0.7 for flow angles was re-
ported, although limited to a specific Mach number. Lee [27] uti-
lized the Adaptive Network-based Fuzzy Inference System (AN-
FIS) to determine the calibration mapping for five hole probes.
ANFIS can be considered as a middle ground technique between
neural network and qualitative fuzzy models. Prediction uncer-
tainty for flow angles in the order of 0.007° for a specific flow
Mach number was reported.

The aim of this work is to establish a general framework for
using the Artificial Neural Networks in the calibration process
for multi-hole probes. First, implementation of machine learning
techniques in the traditional iterative algorithms was considered.
This was used to reduce the number of calibration points required
without losing prediction accuracy. A set of new calibration pres-
sure coefficients were introduced to enable training models for
predicting Mach number, total pressure, and flow angles directly
from the proposed pressure coefficients. This method signifi-
cantly reduced data reduction times. The methods introduced
here are focused on calibrating five-hole probes, however, these
models could be extended to any variation of multi-hole probes.

THEORETICAL BACKGROUND

Five-hole probe with conical tip geometry used in this work
had five pressure ports on the tip of the probe. One port is located
at the center and the other ports are arranged symmetrically on
the sides of the cone. Figure 1 shows the arrangement of the
pressure ports. Probe calibration for low-angle flow regime was
considered. Thus, it is confirmed that the flow stays fully at-
tached over the tip of the probe over the range of yaw and pitch
angles.

FIGURE 1: NUMBERING SCHEME FOR THE PRESSURE
PORTS ON A FIVE HOLE PROBE.

Probe calibration process for the non-nulling technique is to
place the probe in a flow with known flow characteristics and
then pitch and yaw of the probe were changed to cover a range
exceeding the expected flow angles. Each port was connected

to a pressure transducer in order to measure absolute pressure
values through the calibration process. Calibrations for 12 five-
hole probes were obtained in the yaw and pitch angle ranges of
+25¢ at the NASA Glenn Research Center CE-12, free-jet cali-
bration facility [28]. The straight probes had a conical tip with
diameters of 6.35mm or 9.53 mm.The probe pressures and the
dynamic pressure measurements were performed with Measure-
ment Specialties ESP-HD pressure scanners. The static pressure
was monitored with a Omegadyne (209-015A5V) absolute pres-
sure sensor connected to an Omega DP41-E meter. The total
temperature was measured with a ITHP-5 probe with an iSeries
Humidity and Temperature Controller (DPiTH-I11D-5-C4EI).

The step size of 1° was used for the range of 0° to £4° for
both angles. The step size was then increased to 2° for the range
of +4° to +9°. Finally, the step size of 5° was used for the rest
of the calibration range. Thus, a 19 x 19 matrix of calibration
data was generated for each Mach number as shown in figure 2.
The dots refer to the points where calibration data were recorded.
This procedure was performed at six different Mach number val-
ues 0f 0.1,0.2,0.3,0.4, 0.5, and 0.6. This brings the total number
of calibration data points acquired for each probe to 2166.

30

20

10

1
o

-10

-20

FIGURE 2: MAP OF YAW AND PITCH ANGLES USED FOR
GENERATING THE CALIBRATION MAP.

Based on the total pressure, local Mach number, yaw, and
pitch angles, the velocity vector can be fully characterized as
shown below.

u=V xcos(a)cos(y)

v=V xsin(a

ey

O o =

)
w =V xsin(a)cos(y)



Where u, v, and w are the velocity components with respect to
the coordinate system shown in figure 3, and i, j, and k are the
unit vectors for x, y, and z in the coordinate system.

FIGURE 3: DEFINITIONS OF PROBE COORDINATE SYS-
TEM AND RELATIVE FLOW ANGLES.

For each calibration point, a set of calibration coefficients
was calculated from the five pressure port measurements. The
most common non-dimensional coefficients are based on differ-
ential pressures and defined as [2]
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Where P to Ps are the pressure readings from the corresponding
pressure ports of the five-hole probe, P; is the local stagnation (to-
tal) pressure, and P; is the local static pressure. For each couple
of yaw and pitch, there exists a unique set of calibration coeffi-
cients. These non-dimensional coefficients are usually presented
by calibration maps [14]. It is inferred that yaw and pitch can be
defined by the coupled angular coefficients, (cpq, cpy) and there
is a unique set of cp; and cp, for a coupled set of (a, V).

The data reduction algorithm [22] can be inferred from the
above explanation. When reducing data to determine the vari-
ables of interest e.g. total pressure, velocity magnitude, and di-
rection of the flow, only the five pressure values measured dur-
ing the data acquisition are known. These five pressures can

be used to directly calculate cpy, and cpy. Based on an ini-
tial guess for Mach number, the appropriate calibration map can
be used to interpolate flow angles o and y from (cpg, cpy).
The pressure coefficients (cp;, cp,) then can be interpolated us-
ing (o, psi). A new Mach number, Ma,,., can be calculated
using the total and static pressure values derived from the cor-
responding pressure coefficients. The new Mach number is then
compared to the initial guess. If a specific threshold is met (e.g.
|Maye,, — Ma| < €y,) then the measurement is complete. Other-
wise May,, will be used as the initial guess for the next iteration.

The robust pressure coefficients introduced by Yasa et al.
[22] were of interest to this work. These coefficients were de-
fined as
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Yasa et al. utilized the coefficients to build a data base which can
be compared to measurement points during the data reduction
process through regression methods. The basis of this approach
was promising for implementation with machine learning algo-
rithms as it constructed an input space with more variables com-
pared to the traditional methods.

NUMERICAL PROCEDURE

An artificial neural network model was implemented using
PyTorch. The number of inputs was set to 5 with each input rep-
resenting a non-dimensional pressure coefficient. Figure 4 shows
an example of the structure of the neural network. Blue circles
represent the input vector, the gray circles show the number of
neurons arranged per layer, and the green circles represent the
outputs of the model. Network inputs are multiplied by the first
layer’s weight (w) to create an output Y. The weight matrix and
output are then passed into an activation function. The activa-
tion function, rectified linear units (relu6) [29], takes the sum
of all the weights for a given neuron and if the sum is negative,
the neuron is inactive; however, if it is positive then it is active
and its value is equal to the value of the input. This can lead
to the model diverging which is why relu6 was chosen. Instead



of the value of the neuron being equal to potentially infinity, the
limit is capped to 6. The output of the layer combined with the
activation function is then passed into the next layer and the acti-
vation function. The weights of each layer was optimized using
the Adaptive Moment Estimation algorithm (Adam) [30]. The
Adam algorithm uses a first order gradient based optimization
based on estimates of lower order moments. Optimization was
performed for a total of 1000 epochs to ensure convergence.

Layer 2

O gt
O O
O relué(x) .

Yy=wxT+b

FIGURE 4: SCHEMATIC OF AN ARTIFICIAL NEURAL NET-
WORK.

Probe flow angles of pitch and yaw were taken for Mach
numbers of 0.1 to 0.6 in 0.1 increments. Data was partitioned
into fest, train, and validation datasets. The validation data set
is at Mach 0.6; the rest of the data was used as the testing data
set. The root-mean squared error between the prediction of the
model and the validation data set was used in order to validate the
trained model. This can be written for a specific trained model
as

1 n=N
MSE = N Y (Xnta=0.5 — Xmodet.ma=0.5 ) - (3)

n=1

Where, Xj.—0.6 is a feature vector from the validation dataset
(e.g. cps, Ma, etc.), Xynodel Ma—=0.6 15 the same feature vector pre-
dicted by the trained model, and N is the total number of ele-
ments in vector X. Training and test data partition was random-
ized and then split 70% for training and 30% for testing. All the
variables of interest for training ANNs were normalized to values
between [0, 1] as

~ X—min(X)
Ln = max (X) —min(X)’ ©)

Where X is a given feature vector, X, is the normalized vector
for X, and min and max are the minimum and maximum values
of the feature X, respectively.

For the ANN approach, the numbers of layers (n;) and neu-
rons per layer (ny) were allowed to vary. In this study, we con-
structed 16 cases with different combinations of n; and ny. np
varies from 2 to 16 incrementing 2n by ranging n from 1 to 4, and
ny varies from 128 to 1024 in increments of 2n. Each model was
then evaluated for uncertainty with a multiplicative noise based
on the assumption that the error is proportional to the pressure
measurement. The error is modeled here as a Gaussian with zero
mean and variance. Four noise levels (i.e., variance) were ana-
lyzed 0, 2.5%, 5% and 10%, and 100 trials for each level was
computed. The mean squared error (8) was used to evaluate the
sensitivity of the model to noise and it was the criteria for the
model comparison.

Model comparison and selection is not trivial when a model
is subject to uncertainties.The cost function built in Python mod-
ule was minimized in using the ANN method mapping input pa-
rameters to output parameters. For instance, one of the easiest
loss functions is the squared error function defined by

Error:%(X_D)_lril(X_D)’ (10)

where D, X € RV is the data and the computed model output,
I € RNe*Na ig a covariance matrix, which still needs to be speci-
fied, and N; indicates the number of data points. The covariance
matrix constitutes a key ingredient in Equation 11, directly influ-
encing the results of the calibration. One possible choice, for in-
stance, is for the covariance matrix to be diagonal which for the
sum-of-squares error (SSE), the diagonal component is simply
1/N?. Although SSE is a very common way of evaluating the er-
ror of a machine learning, this choice is valid only when the data
and error are statistically independent. In reality, it is seldom the
case. One of simple examples showing dependence among data
points is a dynamic problem, where the data point at the current
time and the one at the previous time are strongly correlated to
each other. Also, a systematic error during the measurements can
result in strong dependence among the data points. More com-
plex covariance matrix (cost function) can be used, however it is
not easy to do so without a prior knowledge of the uncertainties.
In addition, when the cost function in ANN is minimized, weight
values need to be updated such that the cost is decreased. To
this aim, the derivative of the cost function with respect to each



weight (i.e., Eq. 11) has to be differentiable to update weights,
.

Uncertainties can be roughly divided into two categories:
measurement errors (O'ex,,z) and physical model inadequacies
(Gp2 ). For example, the measurement errors in this study include
uncertainties in pressure measurements, experimental settings
as well as data reduction process, through which experimental
raw data provided by measuring instruments are converted into
meaningful physical quantities. The model inadequacies are re-
lated to uncertainties associated with the surrogate or physical
model where uncertain parameters such as the weights in ANN
are present. Since these errors are indistinguishable without prior
information of one of them, what is observed in Eq. 11 (c?) is
the sum of these two errors, Gjq> = sz + Gepr.

Measurement errors and simplifications in the physical
model lead to very different performance of the surrogate model
in order to capture the true physics and the underlying errors.
Therefore, it is important for modelers to decide a metric in order
to determine which model is good. There are several method-
ologies of model comparison and selection such as Bayesian
information criterion [31-33], deviance information criterion
[34-36]. The fundamental idea of model comparison or selec-
tion is as follows. To perform model assessment, it is important
to handle trade-off between its data-fit (goodness to the fit) and
complexity in order to avoid the extremes of overfitting or under-
fittin the data. The second part states how much the model can
learn with the data (so-called information gain). Therefore, the
model performance should be evaluated by [37]

Model Per formance(Evidence) =

(1)

Goodnesstothe Fit — Information Gain.

When it comes to the ANN approach, one of the most pow-
erful features of the ANN is its flexibility such that it makes
it possible to model any continuous function linear or nonlin-
ear to an arbitrary degree of accuracy. According to the above
equation, ANN shows indeed excellent performance in terms of
Goodness to the fit. However, despite this powerful feature of
ANN, it is still difficult to maximize the model performance by
carefully minimizing the model complexity (reducing the infor-
mation gain). The model complexity in ANN is primarily related
to selecting the appropriate number of hidden layer nodes, which
determines the number of free parameters, weights. Therefore,
the goal is to minimize the hidden nodes without losing neces-
sary degree of freedom of the model to accurately capture the
true physics and the underlying errors. It is worth noting that
ANN with many hidden nodes can suffer from poor calibration
of the model parameter when the amount of data is limited or
the amount of data is enough, however the information extracted
from the data is not sufficient for calibrating all parameters so

that the resulting predictions might have a large degree of uncer-
tainty. To this aim, we would like to propose a simple method-
ology, by which we can evaluate robustness of each model in the
framework of ANN, instead of numerically calculating the evi-
dence, which is outside of the scope of the current study.

Implementing ML in Existing Algorithms

The existing data reduction algorithms which do not utilize
the machine learning techniques can be divided in two general
categories. The traditional algorithms and the regression al-
gorithms as the one proposed by Yasa (robust algorithm [22]).
The traditional method iterates over the local Mach number
value while the robust method iterates over the local static pres-
sure. The traditional algorithm has two interpolation steps as
explained before which can be substituted by trained artificial
neural network models. The procedure for implementing this
ML method in the traditional algorithm is shown in Fig. 5. The
shortcoming of this method aside from the long iterative process
is the need of large calibration data-sets. Since this calibration
is based on the differential pressure measurements, it cannot be
used if one of the pressure ports on the probe is completely or
slightly clogged due to the conditions at the experimental facility
(i.e. icing, condensation, impurities in the flow).

The flow angles & and y were used as targets with the angu-
lar coefficients cpgy and cpy as inputs to train the ANN model,
M;. The second ANN model, M, is trained with c¢p; and cp,
as targets and o and y as inputs. During the data reduction,
the angular coefficients are calculated based on the experimental
measurements. Flow angles are then calculated using model M
and the flow angles as inputs. The outputs from model M; form
the inputs for the second model M, to compute the two remain-
ing pressure coefficients, cp; and c¢p,. The rest of the iterative
algorithm is similar to the traditional algorithm.

In the robust data reduction method, none of the calibration
coefficients can be calculated directly from the measurements.
Thus the process starts from an initial guess for the static pres-
sure, which is required to calculate the primary pressure coeffi-
cients cp,1 to cpr4. For each measurement time window, the re-
sulting non-dimensional values of pressure are compared, one by
one, to the corresponding values in the database. The comparison
is evaluated through a regression coefficient, which approaches
unity when the probe readings agree with the calibration data-set.
A polynomial surface fit is then used to find the values for flow
angles ¢, and y. The remaining coefficients, cp; and cp, will
then be interpolated to calculate total pressure, static pressure,
and Mach number. If the difference between the new static pres-
sure and the initial guess is below some threshold, the iteration
will stop. Otherwise, the new static pressure value will be used
to recalculate cp; to cp4. This procedure needs a relatively large
calibration data-set and extremely long data processing times.
The regression process can be replaced by the trained Artificial
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FIGURE 5: IMPLEMENTATION OF ML METHOD IN DATA
REDUCTION ALGORITHM FOR THE TRADITIONAL CAL-
IBRATION METHOD

Neural Networks as shown in figure 6 to significantly reduce the
processing time.

Two ANN models were trained using the calibration coeffi-
cients cpy1 to cpr4 as inputs. Flow angles were used as targets
for M. Pressure coefficients cp, and cp, were used as targets for
the second model, Ml,. The algorithm after this step is similar to
what was described for the robust data reduction algorithm. It is
of importance to note that a single model can be constructed to
map calibration coefficients c¢p,| to cpy4 to the four outputs of
interest however, the prediction uncertainties were significantly
increased in this method.

ML Friendly Algorithm

Implementing machine learning methods in the previously
proposed calibration methods were limited to tools for surface
fitting due to the iterative nature of these techniques. In order to
fully take advantage of the flexibility of deep learning for ANNSs,

Train ANN
12 ERTET) 7 o,
Pri bt model M,
CPr1y e CPr4 T;"ggeﬁ\ljfj cpr, Cpa

5 hole-probe data Initial
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¥
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from M (cps1,-..,cpra)

N
P Compute cp; and cp,
b= from M (cpy1,...,cpra)

‘ Compute P, P, and Ma
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FIGURE 6: DATA REDUCTION ALGORITHM FOR THE RO-
BUST CALIBRATION METHOD

a new set of coefficients are introduced as
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The coefficients, c¢p; to c¢p4 are similar to the robust calibration
coefficients cp,; to cp,4 with the difference that the proposed
set of coefficients are calculated with P,, instead of P;. Thus,
these coefficients can be calculated directly for the data reduction
purposes without the need for an initial guessing of local flow
properties. These four coefficients build up an input space for
an ANN with more degrees of freedom to provide a better fit



to the data. The total pressure coefficient, c¢p; is similar across
the different methods introduced here. The sixth coefficient, cp,,
is representative of the flow Mach number, which can also be
calculated directly. During the data reduction process, cp,, limits
the results to a specific Mach number and then the quantities of
interest can be specified by the remaining coefficients for that
Mach number.

Variation of the calibration coefficients with the flow angles
are shown in Fig. 7. Each coefficient reaches its maximum value
when its corresponding port is aligned with the direction of the
flow. However, when the opposite pressure tap is positioned in
the flow direction, the port of interest resides in the wake of the
probe tip. Consequently, it registers lower pressure values, caus-
ing the respective pressure coefficient to approach its minimum
value.

FIGURE 7: VARIATION OF PROPOSED CALIBRATION CO-
EFFICIENTS cp; (TOP LEFT), cp, (TOP RIGHT), cp; (BOT-
TOM LEFT), AND cp4 (BOTTOM RIGHT) WITH FLOW AN-
GLES.

Figure 8 shows the variation of cp,, with flow Mach number
for the complete calibration data-set of a single five hole probe
with 2166 calibration points. The calibration coefficient, cp,,
is shown on the abscissa and the ordinate shows the flow Mach
number. The experimental data are shown on the plot as cluster
of points. This figure clearly represents the separation of cp,,
with Mach number, which can be utilized in training the ANN
model.

The model training and data reduction algorithms are laid
out in Fig. 9. Five calibration coefficients, cpi, cp>, c¢p3, cpa,
and cp,, were used as inputs to train two ANN models. The
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FIGURE 8: VARIATION OF cp,, WITH FLOW MACH NUM-
BER.

model M used the flow angles o and y as targets while the sec-
ond model M, was trained with the total pressure coefficient and
Mach number as targets. These two models then can be directly
utilized for data reduction purpose. The aforementioned calibra-
tion coefficients can be directly calculated from the experimental
measurements. The trained models would use the inputs to com-
pute the values of interest with no need for an iterative algorithm.

cpi1, Cp2, Train ANN
Cp3, CP4, CP;m model M,
cpi1, €p2, Train ANN
Cp3, CP4, CPm model M,
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¥

Compute cpi, cpa,
¢p3, cpa, and cpy,

¥

Compute ¢ and
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¥

Compute cp; and
Ma from M,

\
)

FIGURE 9: DATA REDUCTION ALGORITHM WITH UTI-
LIZING ML FRIENDLY CALIBRATION COEFFICIENTS.

/ 5 hole-probe data

If pressure measurement from one of the pressure
ports is unavailable, there is sufficient distinction among
the values of the proposed calibration coefficients to al-
low an effective new calibration utilizing the remaining co-
efficients.  For instance if pressure port 1 is inaccessi-
ble, the model M (¢py,cp2,cp3,cpa,cpym) can be retrained as
M, (cp2,¢p3,cpa,cpm) to compute the properties of interest



with an acceptable uncertainty. A loss of no more than 1% in
prediction uncertainty for properties of interest was noticed by
eliminating one of the pressure coefficients except cp,,. Loss of
cpm means loss of pressure reading from port 5 and since all the
coefficients are tied to port 5, this methodology is fruitless if that
port is lost.

RESULTS

One of the main goals of this study was to show that by using
ML methods, the number of calibration points can be decreased
while maintaining the prediction accuracy. The original 19 x 19
matrix of data (see Fig. 2 for a given Mach number was reduced
to 12 x 12 matrix as shown in Fig. 10. The black dots show
the complete set of pitch and yaw angles used in the calibration
of the five-hole probe. The calibration points that were used for
assessing implementation of ML in the traditional algorithm are
marked with red circles.
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FIGURE 10: MODIFIED CALIBRATION MAP

In order to asses this in the traditional calibration method
two separate ANNs were constructed. This was performed for
Mach number of 0.6 which had the most complexity in the cali-
bration. The higher the Mach number, the higher is the Reynolds
number which may cause worst flow separation and vortex shed-
ding. This is previously investigated by Crawford [38]. Since
both ANNs were constructed with similar structure and both have
two input vectors and two output vectors, they showed overall
similar uncertainties. Here the results for Ml; are discussed in de-
tail. The ANN had one output layer and ny hidden layers which
were varied to obtain the minimum root mean squared error be-

tween the testing and training data-sets. The training data-set
consisted of the calibration data marked with the red circle. The
testing data-set was the complete calibration data shown with the
black dots. The trained ANN model was used to replace sur-
face fitting methods thus its effectiveness can be evaluated by the
mean squared error (see equation 8) between the predictions and
the experimental calibration data.
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FIGURE 11: THE VARIATION OF OVERALL NORMALIZED
MSE IN FLOW ANGLE PREDICTION WITH NUMBER OF
HIDDEN LAYERS AT MACH NUMBER OF 0.6.

Uncertainty in angular prediction versus number of hidden
layers is shown in figure 11. The MSE decreased by 80% by
choosing 8 hidden layers compared to 2 hidden layers and does
not significantly change as ny was increased to 128. Thus, ANN
architecture with16 hidden layers and 10 neurons in each layer
was chosen for constructing M[;. The averaged MSE percentage
for predicting yaw and pitch was 0.12% over the 50 deg. range
of flow angles during calibration. The averaged MSE percentage
for predicting cp, and cp; were 0.21% and 0.09% respectively.
It can be directly inferred from the prediction uncertainties that
reducing the number of calibration points did not significantly
reduce the prediction uncertainty of the trained ANNs. This is
better shown by investigating percentage MSE in predicting yaw
angle with M in figure 12. In this figure the contour of MSE is
shown versus the pitch and yaw calibration coefficients. There
are local maximas for MSE which do not exceed 1% error.

The same approach can be taken in constructing the two
ANN models for robust algorithm described in Fig. 6. These
models had similar properties and the averaged MSE can be uti-
lized to evaluate the acceptable number of hidden layer. Figure
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FIGURE 12: THE PERCENTAGE OF ROOT MEAN

SQUARED ERROR FOR PREDICTING YAW WITH AN ANN
AT MACH NUMBER OF 0.6 IN TRADITIONAL ALGO-
RITHM.

13 shows the average overall MSE in predicting flow angles with
M, for implementing ML methods in the robust calibration al-
gorithm. Sixteen hidden layers were chosen for constructing the
models. They were trained with the reduced 12 x 12 calibration
matrix at Mach number of 0.6. The models predictions were
compared to the complete calibration data set to report the un-
certainty values. The averaged percentage MSE for predicting
yaw and pitch was 0.03% over the 50 deg. range of flow angles
during calibration. The averaged percentage MSE for predicting
cpq and cp; were 0.2% and 0.14% respectively.

Lastly, similar approach was taken in choosing the number
of hidden layers for using the proposed ML friendly algorithm
described in Figure 9. Two ANN models with 16 hidden layers
were constructed with each layer containing 10 neurons. The re-
duced data-set matrix for all the available Mach numbers were
used to train the models M; and Ml,. The uncertainties were cal-
culated using the models on the full calibration data set. The av-
eraged percentage MSE for predicting yaw and pitch was 0.11%
over the 50 deg. range of flow angles during calibration. The
averaged percentage MSE for predicting cp,, and Mach number
were 0.23% and 0.37% respectively. Figures 14 and 15 show the
percentage MSE for flow angles and Mach number receptively,
based on the complete calibration dataset of a single five-hole
probe. This method provides a very robust algorithm for cali-
brating five-hole probes which can be extended to any multi-hole
probe.

This approach has been demonstrated to yield highly accu-
rate results, with processing times typically taking only a few
seconds in contrast with the robust method which had maximum
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FIGURE 13: THE PERCENTAGE OF ROOT MEAN
SQUARED ERROR FOR PREDICTING YAW WITH AN ANN
AT MACH NUMBER OF 0.6 IN YASA ET. AL’S ROBUST AL-
GORITHM.

processing times of about 15 minutes for the same data set. Al-
though the traditional calibration method boasts a comparable
processing time, it necessitates 2.5 times more data points to
achieve the same level of uncertainty as the ML-friendly algo-
rithm. This method enables a reduction in calibration time and
associated costs by nearly 60%.
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FIGURE 14: THE AVERAGED PERCENTAGE OF ROOT
MEAN SQUARED ERROR FOR PREDICTING FLOW MACH
NUMBER USING ML FRIENDLY ALGORITHM.
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A simple methodology to investigate the robustness of the
trained model is proposed. The cost function implemented in
PyTorch was used assuming that all training data points are sta-
tistically independent. it is natural to assume that the pressure
measurements also have statistically independent noise . There
could be a systematic error during the measurement, causing
some data points to be strongly correlated, however this type
of error is not considered in this study and left for future stud-
ies. There are many possible error structures such as additive
noise, multiplicative noise. For instance, an additive noise is
based on the assumption that the error is independent from the
measured value and can be expressed by D} = D; + €, where D;
is the i experimental data, and € = X; — D; represents the sum
of the experimental uncertainty and error in the physical model.
€ could be expressed by the Gaussian white noise given the mean
and the variance. A multiplicative noise, which assumes that the
noise level is proportional to the value of the measurement, is
described by D} = D; x exp(€). Note that if the log of X; and
D; is taken, the error € = log(X;) — log(D)) follows the Gaussian
white noise. There is no information about the sources of errors
in this measurement, thus it is impossible to determine which er-
ror structures are more relevant to this measurement. However,
a simple test can be performed to examine the robustness of the
trained model when using the data with a pre-described noise
level. To this aim, only a multiplicative noise for the rest of this
study was taken into account.

For a given noise level, the number of neurons were varied
between 1 to 100 and the number of layers were varied between
1 and 16. The averaged MSE for 100 trials of training ANNs
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with the aforementioned criteria as explained in section were
studied. Figure 16 show the contour plots of the mean squared
error (MSE) for four different noise levels, (a) 0.0, (b) 0.025, (¢)
0.05, and (d) 0.1 over a large parameter space of the number of
neurons (n,) and layers (n;,) used in the ANN method explained
in section refsec:NPro. All data were averaged over 100 trials.
There are several key features that may be observed. MSE be-
came independent from n,, when Ny, became small. For instance,
in the case of noise level =0.0 (see Fig. 16a), MSE is less than
0.05 regardless of n,. This observation implies that the model
was capable of predicting the data well with a relatively low de-
gree of freedom of the model parameters. When n;, was more than
500, we observed the dependency of MSE on both n, and ny,. In
fact, the maximum values of MSE appear for the large number
of n, = 1024 and the relatively small number of n; ( 4 for the
low level of noise and 8 for the high level of noise). Consider-
ing that the degree of freedom of the model might be estimated
by the product of n, and nj. For all cases, MSE remains small
when n,, = 2. For this particular model, the model with n,, =2 is
more tolerant against the overfitting problem with the increase of
ny. The maximum and minimum values of MSE increase as the
noise level increases (for instance, MSE,,,,, = 0.5 for the noise
level =0.0 and SME,,,,, = 1.2 for the noise level =0.1) . This re-
sult should help a user understanding how much uncertainty the
model can tolerate given the required accuracy. A good model
should show a relatively slow increase in the error with the in-
crease of the noise level. Overall, as mentioned before this ap-
proach showed great results with n;, = 16 and n, = 10 with the
understanding that user can investigate the errors and fitting fur-
ther in a specific calibration case.

CONCLUSION

This study introduced methods to implement machine learn-
ing methods in the existing five-hole calibration and data reduc-
tion algorithms. ANNs were utilized instead of regular surface
fitting techniques in these algorithms. The processing times were
reduced significantly by using ANNs in these traditional algo-
rithms while the accuracy was preserved. These techniques were
assessed using experimental calibration data for five-hole probes.
The method can be extended to any existing multi-hole probe
calibration algorithm A set of machine learning friendly calibra-
tion coefficients were introduced in this work. These coefficients
eliminate the need for iterative algorithms. Thus, flow proper-
ties of interest (e.g. Mach number, yaw, pitch, and static and
total pressures) can be directly computed by training appropriate
ANNS.
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