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Chapter 1

Introduction

1.1 Context

An ejector is a device powered by a high pressure fluid, called the primary -or
motive -fluid, which entrains another fluid at a lower pressure, called the secondary
- or suction - fluid. At the exit, a fluid at a pressure between the high one and the
low one comes out.

Ejectors can play the role of a gas and vapor pump to create a vacuum pump but
also the role of a mixing pump [2]. They can also play the role of a compressor.
What differentiates an ejector from a pump, a compressor or an aspirator, is the
absence of moving part in the way to proceed. An ejector therefore needs low
maintenance and operate in a single way.

All of this makes ejectors cheap devices for multiple aspects. Moreover, they are
able to play with enormous volumes of fluid compared to their size [2]. This makes
the ejectors an attractive alternative compared to what is traditionally used for
many areas.

Among them, ejectors can be particularly efficient for the cooling and heating
systems when they are included to refrigeration by steam jet cycle, using halo-
carbon compounds or by solar-powered cycle [3]. Since ejectors are small and light
compared to their performances [3], they can also be used in the aerospace and
aircraft industry for the thrust augmentation and the jet engine noise reduction [4].
Ejectors are also appealing to make efficient vacuum pumps by training gases and
vapor out of a system [2]. Moreover it can be mentioned that they are usefull
devices for ecological purposes like desalination applications [5], for smoke extrac-
tion and in the recovering of wasted energy in thermal powerplants [6] or for the
improvement of the overall efficiency of a fuel cell [6]. All of the above is far from
being comprehensive.
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1.2 Ejector fundamentals

An ejector is composed of four parts. Figure 1.1 represents a classical schematic of
an ejector

e Primary nozzle
This is the place where the primary flow is accelerated until its pressure
becomes sufficiently low to entrain the secondary flow. For the following,
as this study concerns supersonic ejectors, the primary flow will always
be considered supersonic at the exit of the primary nozzle. It is therefore
considered that it is choked in the near vicinity of the throat. The nozzle
may as well be convergent as convergent-divergent [6].

e Suction chamber

The suction chamber is considered to be a constant pressure place where
the secondary flow is trained [7]. The primary flow being accelerated in the
primary nozzle, its static pressure becomes lower than that of the secondary
fluid at rest. This produces a movement of the secondary fluid from outside the
ejector into the suction chamber. After the chamber, the fluid is accelerated
in what is called the secondary nozzle formed by all the ejector. Two modes
can be distinguished depending on whether the secondary flow is choked or
not. These two modes are called respectively on and off-design

o Mixing chamber
This area begins just after the primary nozzle with a convergent section. In
most cases, a constant section follows after. It is the part of the ejector where
two entering flows mix to end up with a single flow. There is therefore a
mechanical energy transfer from the primary to the secondary flow. During the
mixing phenomena, complex mechanisms occur like shock waves or turbulent
mixing [8].

o Diffuser
It is the last part of the ejector which is a divergent section. If the ejector
is well designed, The diffuser decelerates the flow in order to make the fluid
recover its static pressure. The pressure at the end of the diffuser is called the
back pressure. It is the pressure that is achieved by the flow after the mixing
of the high stagnation pressure of the primary flow and the low pressure of
the secondary stream.

During this study, it will be considered that the primary nozzle ends-up in the
converging section of the ejector. This kind of geometry is called CPM (Constant
pressure mixing). The nozzle exit position is an important parameter for the
performances of an ejector. Although an other geometry could add some interesting
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Figure 1.1: Schematic diagram of the supersonic ejector [7].

benefit which is to increase the mass flow rate, the CPM configuration is generally
preferred for working with. Indeed, it makes the operation easier by allowing a
wider range of back-pressure while remaining stable [6].

An ejector has often to entrain a maximum of secondary flow with a minimum
of primary flow. Therefore, the main operating quantity which represents the
performance of an ejector is the ratio between the primary and secondary mass
flow rate. It is called the entrainment ratio.
W= (1.1)
mp
Besides the entrainment ratio, the back pressure may also be a substantial quan-
tity when the purpose is to increase the secondary flow pressure. When using
dimensionless quantities, it is more appropriate to speak of compression ratio 7 as
performance indicator [6].
r=0 (1.2)
Ps
From then, a convenient way to represent the characteristics of an ejector is with
the curve representing the evolution of the entrainment ratio as the function of
the back pressure. It is called the operating curve. Figure 1.2 presents what is
expected to be seen in an ideal case for an operating curve.

In the on-design regime, the secondary mass flow is chocked. The primary being
chocked as well, the two mass flow rates are both independent of the back pressure
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(and therefore w too) until the value for which the secondary flow is no longer
chocked and become subsonic. This pressure is noted p; and is called the critical
pressure. Both modes can also be called critical and sub-critical modes instead
of on- and off-design. Once the pressure is above its critical value, the secondary
flow is subsonic and is therefore no longer independent of the back pressure. As
the back pressure increases, the secondary flow and the entrainment ratio decrease.
Above a threshold value called the breakdown pressure, the back pressure is so
high that the secondary flow is no longer entrained and the primary flow reverses
back into the suction chamber. Above the breakdown pressure, the ejector is said
to be in malfunction. This case will not be explored in this work.

On-design Off-design Malfunction

Crtical pomt

/ Breakdown pressure

Ph* PI'.

[
™

Figure 1.2: Ideal operating curve [9]

1.3 Ejector modeling methods

The main purpose of the modeling method for an ejector is the great reduction
of the necessary means for the design of an ejector. It is a low cost alternative to
experiments. Thanks to the simulation models, ejectors operations can be predicted
before their design and this helps to optimize the performances. On the contrary,
design without model often results in off-design operations [6].
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There are two main ways to model an ejector.

One way is to use thermodynamic and analytical models. Due to the complexity
of modeling the flow in an ejector, these models are 1 or 0D which often consider
the ejector at steady state. They solve the model with the integral form of the
conservation equations. Structures like oblique shock waves and turbulent mixing of
the two streams can not be modeled by this kind of method. Instead, these models
use efficiencies that have to be tuned to take into account the losses generated by
these effects. Nevertheless, thermodynamic models allow to very rapidly obtain the
state and operations parameters at key points of the ejectors as well as the overall
performance parameters.

On the other hand it is possible to get more details of the flow with CFD software
models. This method can use the differential form of the conservation equations
and allows therefore to model the spatial distributions of any variables of the
ejectors. However, these models are a lot more expensive in computational time
compared to thermodynamic models. It could take several days or weeks [6,10] to
obtain one simulation while a thermodynamic model takes a few seconds.

1.3.1 Thermodynamic and analytical modeling

Analytical models were the first to appear due to their simplicity. They are based
on thermodynamic and compressible flow theory. Hence, this is why they are also
called thermodynamic models. The first model, which was created by Keenan
et al. [11] was considering critical condition with no friction losses. It assumed
constant area-mixing and ideal gas. The first constant pressure-mixing model,
which are those that are the most used, were created only a few years later by the
same team [12].

Since then, analytical models now take into account isentropic and mixing losses
with efficiency coefficients. They assume, for most of them, satisfied chocking
conditions (on-design) and constant pressure mixing [3].

The process is based on an iterative procedure where a series of compressible flow
equations is solved step-by-step for selected zones. Except for a few exceptions [13],
these models are, at most, 1D. This means that the calculated variables are assumed
to be uniformly distributed in the radial direction. A detailed explanation of the
Chen et al [14] model improved by Metsue et al. [1] and the resulting equations
will be drawn in chapter 2. This improved model enlarges the operating regime to
off-design application for both single and two-phaseflows.

The most challenging issue is to model the mixing phenomena. The first step was
proposed by Munday and Bagster [7,15] with the principle of two separated flows;
the primary and secondary flows which each had their own velocity and pressure
into the mixing chamber until they mix after the hypothetical throat, represented
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as section y on figure 1.3. It is at this section that the secondary flow becomes
choked for on-design application.

Two explanations can be used to describe the way the flow becomes choked at the
hypothetical throat: The Fabri-choking [16] and the compound-choking [17]. The
Fabri-choking simply assumes that a flow composed of multiple different flows is
chocked if every flow constituting it would be choked if it was alone. It is the most
used chocking mechanism for ejectors in the literature. The compound-choking
criterion is an old theory but it has only been applied quite recently because the
more recent models tend to prefer it [1]. It assumes that the flow is choked when a
sum composed of heat capacities, section and mach number of each fluid become
inferior to 0. By this way, the compound-choking theory assumes that, when
considering only two flows, if the mach number of the first flow is greater than one,
the flow becomes choked when the second flow has still a mach number below one.

Suction chamber Constant-area section Diffuser
[ >
\\\\ B I al
throat . .
\ ~D T _
primary | T~ 1 _
t‘low >p{] ........... --____) __ ___-~_> ............. —r\ . r ................. r .................... ) C
,/';’ t |; ] |
/ /f,:?
nozzle 9 x y m 3
S0 N -
T ‘ aerodynamic throat
secondary
flow

Figure 1.3: Schematic of ejector layout [18]

1.3.2 Numerical ejector modeling

As said earlier, the thermodynamic models remain quite limited due to what they
are built on at the beginning. Indeed, even if these models are very useful for
the preliminary design and operational information, local information can not be
obtained by the integral form of the conservation equations. This includes internal
friction and stream mixing that are needed to calculate efficiencies. It also means
that assumptions are required such as uniform radial and axial distributions and
the existence of unique normal shock. However, nothing confirms the accuracy of
these assumptions [6]. CFD models thereby are a way to deal with these limitations
by considering the local form of the conservation equations and therefore allow the

6
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2D-3D modeling.

All fluids behave according to the Navier-Stokes equations which represent respec-
tively the conservation of mass, momentum and energy. For most of applications an
analytical solution of these equations can not be found hence the need for models
to characterise the flow.

In matters of accuracy and reliability, CFD are, from far, the best tools to model an
ejector. They are able to model the flow in 2 or 3D and can be established without
restrictions on initial conditions and impositions of correction factors. Moreover,
these models can take into account and compute accurately complex phenomena
that occurs within an ejector like mixing, shock waves, phase change [7]. CFD
allowed to have a better understanding of the ejector and do the research progress
about ejectors. However, despite these many qualities, thermodynamic models are
still used nowadays, because CFD remain more complex and expensive in time
as well as in infrastructure costs. Moreover, these models are sensitive to the
numerical setting and discretization.

Velocity [m s"-1]
Symmetry 1

1] 0ms 003 |m|

nOnTs 0nzan

Figure 1.4: CFD model of steam-air ejector for turbo-ejector power system [19]

The CFD for ejector appeared long after the analytical models (in the 1990’s).
The first tests of Computational Fluid Dynamics on ejectors lacked experimental
validations but allowed to make already a good visualization of their local flows.
For example the work Kim et al. [20] and Neve [21] gives an idea of the these first
works. With constant progress of computational power and the new developments
in data-processing technologies, one can now be more comprehensive for many
ejector studies. A paramount choice for the modelisation was the turbulence model.

7
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CFD compared to data has been widely used for the evaluation and selection
of turbulence models [8]. Moreover, they gave a better idea of the location of
the hypothetical throat [6]. Lamberts et al. [22] highlighted a similarity with the
Fabri-chocking for the secondary flow chocking phenomenology of the secondary
stream. Other numerous works with CFD were focused on the stream mixing and
they established a link between local flow and global parameters [7]. CFD are
useful to design and adapt geometry and operation parameters [6].

One last application where CFD are helpful is to perform sensitivity analysis for a
wide range of cases. As did by Brezgin et al. [23].

1.4 Scope of this study

In thermodynamic models, the value of the efficiencies varies from an ejector to
an other, different geometry involving different losses. It is expected that these
efficiencies vary with pressures temperatures and sections but it is not necessarily
the case. In these models, efficiencies must thereby be calibrated.

In this study the thermodynamic model used is that from Metsue et al. [1]. It
contains 5 efficiencies to calibrate. Chapter 2 contains a review of the previous
similar thermodynamic models followed by a brief explanation of the one used in
this work.

The main purpose of this thesis is to calibrate the thermodynamic model by the
means of a machine learning model. Such a model would be able to find the five
efficiencies from the other input parameters of the thermodynamic model allowing
it to return the corresponding mass flows. A flowchart of this process is illustrated
in figure 1.5. It would be trained by sets of data containing the input parameters
as well as the outputs which are the mass flows.

Before starting to create a machine learning model, it must be ensured that all the
conditions to make such a model work are fulfilled. At first, the way that the model
would be trained is with efficiencies found by fitting the outputs of the model with
the actual values of the data for the same inputs. A schematic of this process is
depicted in figure 1.6. In an other way, it could be possible to merge the two steps
of the training into one single step as illustrated in figure 1.7. Although this way
to proceed would be ideal, this is more complicated to put in place because of the
need of a back propagation along the thermodynamic model. It will therefore not
be applied in this thesis.
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Figure 1.5: Flowchart of the goal to achieve with the machine learning model
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Figure 1.6: Flowchart of the way to train to machine learning model
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Figure 1.7: Flowchart of another way to train the machine learning model

The machine learning model will not work if, for the same input, multiple outputs
can exist. This leads to the first question that will be studied in this thesis : Is
there more than one combination of the five efficiencies to predict the
correct mass flow rate with fixed pressures temperatures and sections ?
This question will be the main topic of chapter 3.

If the answer to this question is yes, then, it must no longer be the case. There is
indeed one single set of five efficiencies that is working during the operating of an
ejector. By searching for solutions for this issue follow the questions : Are there
too many efficiencies defined in the model ? Is each of them relevant?
This question will be studied in the first part of chapter 4.

On the other hand, it may be wise to ask if all the inputs and outputs together
are enough to characterise sufficiently well the physics of the ejector. Maybe more
efficiencies should remains in the thermodynamic model and the outputs are not
sufficiently numerous. The second part of chapter 4 will be dedicated to this topic
while trying to answer the following question : Are the mass flow rates alone,
accompanied by the efficiencies, sufficient to characterise all the states
on the ejector?

10
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Finally, by analysing a data-set point per point, the variation of the parameters in
the vicinity of the points is not taken into account. Yet, the way the neighbouring
of a point varies according to the back pressure in its parameters space can have an
impact on the calibration of efficiencies. This leads to the question what impact
could taking into account the space in the vicinity of a point have on
the calibration ? This last question will be discussed in chapter 5.

The conclusions drawn from this thesis, as well as the perspectives for future works,
are gathered in chapter 6.

11



Chapter 2

Thermodynamic model

As stated earlier, this study will focus on the efficiencies calibration of a thermody-
namic model. Before starting with the research, an explanation of the model has
to be made to make sure the reader has the key to understand what will follow.
Therefore, this chapter aims to explain in more details the conception of the ther-
modynamic model that will be calibrated during all this study. It will be divided
into two parts.

First, a review of similar models that appeared before the actual one and from
which it can be inspired will be discussed. A brief review of the assumptions the
actual model is based on will be made at the beginning.

Afterwards, a more detailed explanation will be made about the algorithm that
composes the model with a special focus on the five efficiencies, as stated, what
they means and how they are defined.

This chapter does not aim to explain in detail how the model works. For more
information, the reader is invited to read the paper of Metsue et al. [1].

2.1 Thermodynamic model review

The model used in this work is a new state-of-the-art thermodynamic model
appeared in 2021 and created by Metsue et al. [1]. In this one, most of the
assumptions are taken from the model of Chen et al. [24]. As said these are :

o the flow is one dimensional, steady and adiabatic, The inlet and outlet
velocities are supposed to be negligible.

o Real gas properties are considered.

o Friction losses are characterised with five efficiencies. There is one more,
compared to Chen et al. [24] in order to take into account the losses on the

12
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diffuser. The definition of these five efficiencies will be discussed in detail in
the next section.

o Hypothetical throat assumption is used so that the mixing does not start
before this section [25].

However, instead of the constant pressure mixing which is generally used as a
mixing assumption, this model has introduced the mass conservation equation and,
this time, the hypothetical throat is described according to the compound-choking
criterion. The model has been firstly validated for the use of a single phase ejector
and, afterwards, for two phases ejectors as well [26].

The first model which will be discussed in this chapter is the model of Huang et
al. [27]. This model dates from 1998 when CFD and computer power did not allow
simulations as precise as now. It is a 1D-analysis that can only take into account
critical mode operation (on-design regime). It assumes steady flow and ideal gas
theory. Moreover, Huang et al. [27] used Bagster et al. [15] theory for its model
which means that it assumed that the mixing occurs at the constant section area
with constant pressure after the hypothetical throat. The schematic diagram of
ejector performance used for this model is shown in figure 2.1. The following models
presented in this section will also be based on a diagram of this type. Moreover, the
ejector is considered to be adiabatic and the losses are represented with 2 isentropic
efficiencies and two other arbitrary losses coefficients.

The two efficiencies are noted 7, and n,. They represent the losses in the primary
and secondary nozzles, respectively, by taking into account the differences of en-
thalpy between the process without frictional losses and the experimental process.
In addition, an arbitrary coefficient noted ¢, takes into consideration the losses
of the primary flow from section 1-1 to section y-y of figure 2.1. Finally, there is
a last coefficient noted ¢,, that represents the frictional losses during the mixing
process. Because they depend on too much parameters like machining, center-line
alignment, interior surface polishing, material used and suction port configuration
etc. [27], These efficiencies have to be found experimentally. The 11 ejectors used
during the study of Huang et al. [27] have suggested that 7,, s, and ¢, can be taken
as relatively constant but that ¢,, depends on the sections. This last dependence
can roughly be represented with the following law:

A
¢ = 1.037 — 0.02857?? (2.1)

Based in particular on the work of Huang et al. [27], Chen et al. [14] created a new
1D model in 2013 followed by another more precise one in 2017 [24]. The main
improvement of the first model is the extension of predictions to sub-critical regime
(off-design). For the assumptions, compared to the model of [27]:

13
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Figure 2.1: Schematic diagram of ejector performance [27].

« The model still considers Bagster et al. [15] theory by assuming hypothetical
throat even for off-design regime where there is no choked flow but a maximum
velocity that is achieved at this section.

o The mixing is still considered to be done in all cases after the hypothetical
throat section with uniform pressure.

o Ideal gas assumption is considered for the working.

o The flow is steady and one-dimensional, the inner wall of the ejector is
adiabatic and the kinetic energy at inlets, as well as the exit of diffuser, is
negligible.

As for the losses coefficients, they are still 4 of them and they are used in the same
way as for the model of Huang et al [27]. Using the data-set from Huang et al. [27],
Chen et al. [14] model has shown roughly the same accuracy as the latter in the
on-design regime. For the off-design operation, data from Hemidi et al. [28] has
been used and the theoretical results coincide fairly well compared to the model.
The second theoretical analysis made by Chen et al. [24] has allowed to consider
real gas instead of ideal gas assumption. This has been done with the help of the
REFPROP [29] library. This last proposed model has given better accuracy in
off-design mode compared to the model using ideal gas law.

All this makes the foundation for the conception of the model studied in this
work. The main difference between the model of Metsue et al. [1] and the last
model of Chen et al. [24] resides in the use of the compound-choking criterion.
Although the compound-choking criterion has been known since the 60°, the Fabri-
choking criterion had been preferred, until now, to define the flow in ejectors. It

14
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has nevertheless recently been shown that the compound-choking theory may be
more adequate to predict the behaviour of the double choked ejectors. Indeed,
by definition of a choked flow, the mass flow rate has to be maximized which is
not the case in the ejector with the Fabri-choking criterion [16]. In addition, the
mixing in the ejector does not occurs with constant pressure. This last consid-
eration leads to another way to implement the computation of the state after mixing.

2.2 The model

2.2.1 Ejector solving algorithm

As stated in the previous section, the model is mainly inspired from Chen et
al. [14, 24] research. The improvements are the use of the compound-choking
criterion instead of the Fabri-choking criterion in the first place but also the process
of maximization of the primary mass flow rate instead of imposing M=1 at the
throat. With this latest assumption, the M=1 section is located just after the
nozzle throat. In this way, the primary definition of a choked flow is respected.
Given that its purpose is to study supersonic ejectors, the model assumes choked
primary flow. This means that the primary mass flow rate is constant with respect
to the downstream quantities. Thereby, all the variables of the primary nozzle are
calculated in the first place starting from the stagnation pressure and temperature.
The losses in this nozzle are characterised with the primary efficiency which is
supposed to be known. The schematic diagram of the upper half ejector for this
model is shown in figure 2.2.

Secondary inlet

1
Primary inlet ]

l
|
[
| I 1 s
A X I Hypothetical throat
I
I

I Primary nozzle I i Constant area duct ! Diffuser
Mixing chamber

Figure 2.2: Schematic diagram of the ejector model (top half) [1]

Once the state of the primary flow is determined, the primary mass flow rate can
be found which already gives the first output for the model. The thermodynamic
state and mass flow rate of the secondary flow for on-design condition can be found

15
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afterwards with the compound chocking criterion [30]:

A A
B=p(—2-(1-M)+—2-(1-M,)) =0 (2.2)
Y pp7prQ,y Py pS,st?y Y

This criterion is respected at the hypothetical throat. The state of the primary
flow as well as the pressure need therefore to be known at this section in order to
compute the state variables of the secondary flow. To do so, the value of p, is at
first estimated. From this estimation, the secondary flow state can be calculated.
The error with the chocking criterion is then measured to better estimate p, and,
by iteration, a solution is found.

Once the secondary flow for on-design operation is found, the purpose of the model
is to know if the current operation is on- or off-design. To do so, the critical back
pressure is calculated. Thereby, if the back pressure, which is a parameter of the
function, is lower than the critical pressure, the ejector regime is on-design. In this
case, the secondary state has already been calculated. The entrainment ratio can
be obtained and it is therefore not required to solve the flow downstream of section
y. However, if the back pressure is higher than the critical back pressure, the regime
is off-design. In this case, the information travels from the end of the diffuser. The
secondary flow can thereby not be solved without taking into consideration what
happens downstream of the hypothetical throat section.

In order to find the critical back pressure, the state just after mixing is found. This
state corresponds to section m on the diagram. For doing this, the 3 conservation
equations in addition to the equation of state linking density pressure and enthalpy
are used.

If the ejector is at off-design operation, the state at the outlet of the diffuser must
be calculated. The diffuser being divergent, the flow has to be subsonic to recover
the outlet pressure. However, the flow can still be supersonic after the mixing. In
this case, the model assumes a normal shock at section N to prevent the diffuser
from being used as a divergent nozzle. Even if it is not the case in figure 2.2,
sections m, N and 2 are assumed to be at the same location. Section m is the state
just before and section 2 the state just after the normal shock. Finally, the state at
the exit of the diffuser is obtained with the conservation equation. The exit state
of the ejector being determined, the secondary flow state can now be computed as
well as the entrainment ratio.

The complete flowcharts extracted from the paper of Metsue et al. [1] are displayed
in Appendix B.
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2.2. The model

2.2.2 The efficiencies

The efficiencies being of prime interest during this work, a special attention is
payed to them in this subsection.

As said earlier, the model of Metsue et el. [1] is composed of 5 efficiencies. Each of
them represents losses in a part of the ejector.

« The so called primary efficiency, noted n),, is a classical isentropic efficiency.
It was already used in the model of Huang et al. [27] and after in the model
of Chen et al. [14]. It represents the losses occurring in the primary nozzle
of the ejector, as said between section 0 and section e of figure 2.2. In the
algorithm, it appears with the following formula :

hp = hpo = 1Mp(hpo — Ppiis) (2.3)

Given that this efficiency only depends on the thermodynamic state of the
primary flow, it should not depend on downstream quantities.

According to the calibration that has been made in the different models, it is
taken with values between 0.95 and 0.977 and is considered as constant.

+ The efficiency noted 7, is also present since the model of Huang et al. [27].
According to the models, both flows are considered with independent states
until section y where the mixing begins [15]. 7,, takes into account the
entropy losses between section e and section y for the primary flow. In the
process, it appears with the following formula:

hpy = hpe = Mpy(Ppe — Ppyis) (2.4)

The value can oscillates between 0.88 and 1.0 in the different models using
it. As seen from the work of Metsue et al. [1], the operating curve is less
sensitive with this efficiency compared to the others. Its value can rise when
considering that the primary nozzle flow is almost isentropic which can be
the case for real ejectors.

o The secondary efficiency, as well as the two others, is an isentropic efficiency.
It is noted 7, and represents all the frictional losses for the secondary flow
before mixing (between section 0 and y). It appears with the following
formula of the algorithm:

h&y = hS,O - 775<hs,0 - hs,y,is) (25)

In on-design operation, this efficiency should not depends on what happens
downstream. Its values taken in the different models are included between
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2.2. The model

0.75 and 0.89. Those values are lower because models consider more losses
compared to primary efficiencies due to the less convenient geometry of the
suction chamber.

o The mixing efficiency is quite different from the others. First, it is not an
isentropic efficiency, moreover, it is used for the first time with this definition
in the model of Metsue et al. [1]. The model no longer assuming a constant
pressure for the mixing, this efficiency takes into account the losses occurring
during the mixing due to the pressure change. It appears therefore in the
momentum conservation equation:

1V + 115V y + (py - pm)Ay
My, + T

Vm = Mm

(2.6)

With this definition, there is no longer the need to be dependant of the exit
pressure for this efficiency as opposed to the definition of Chen et al. [14,24].

o The diffuser efficiency is again a classical isentropic efficiency. It is of interest
for off-design applications, which explains its absence in the model of Huang
et al. [27]. It characterises the losses of the mixed flow between section 2 and
section d with the following definition:

Nd= -7 (2.7)

These efficiencies are parameters of the model. They are therefore supposed to
be known. Given that they depend on too many physical quantities that can
not be obtained in the vast majority of cases, they need to be calibrated with
experimental data. For now, the dependencies of these efficiencies according to
pressures, temperatures, mass flows and dimensions of the ejector are not well
known. Thereby, the major part of this work will be dedicated to a way to calibrate
those efficiencies by the knowledge of the other parameters. The final purpose would
be to obtain immediately a calibrated model when given to it any combination of
parameters. All this thanks to a machine learning model and a large amount of
data. The following chapters will study the feasibility of such a model and also
inspect the different links between efficiencies.
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Chapter 3

Efficiencies fitting

One of the big issue with a machine learning model is the fact that one set of input
parameters has to correspond with one set of outputs which is not necessarily the
case for the thermodynamic model.

In this case, the input parameters of the model are the physical quantities, as said:
the pressures and temperatures, the geometrical quantities i.e. the sections, and
the five efficiencies. The outputs are the primary mass flow, the secondary mass
flow and the entrainment ratio.

For now, nothing proves that there could not be several inputs that correspond
physically to multiple sets of inputs.

The question of this chapter is to find out if different combinations of efficiencies
Nps Nss Mpy, Na and 1, are possible to obtain the same entrainment ratio with given
parameters. To do so, the model will be calibrated with the help of a gradient
descent optimizer starting from different first guesses. This process could allow to
see different solutions appear when the optimizer stops in local minima.

In a first approach, the focus is set on an entire operating curve, , which means
that the efficiencies are supposed to be independent from the back pressure. In
this way, it will be observed whether one or more sets of efficiencies can exist to fit
a whole operating curve.

Afterwards, the aim will be to find out whether different sets of efficiencies are
possible but for the individual mass flow rates. This time, it is considered that
the efficiencies are no longer independent from the back pressure and the inlet
conditions because the calibration leads to a unique set of efficiencies for each point.
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3.1. Calibration of the entrainment ratio for an entire operating curve

3.1 Calibration of the entrainment ratio for an
entire operating curve

For this part of the study, Data from Hemidi et al. [31] has been used. The
calibration has been carried out on a 4 bars primary pressure operating curve
composed of 10 points. The parameters and measurements are listed in table 3.1.

Pyo(Pa) | T,(K) | Pso(Pa) | T(K) | Py(Pa) | w(—)
400000 295 100000 295 102629 | 0.75885
400000 295 100000 295 112741 | 0.75717
400000 295 100000 295 122573 | 0.75765
400000 295 100000 295 127591 | 0.75670
400000 295 100000 295 132329 | 0.73348
400000 295 100000 295 134825 | 0.70596
400000 295 100000 295 137066 | 0.65810
400000 295 100000 295 141906 | 0.53748
400000 295 100000 295 146363 | 0.42955
400000 295 100000 295 151254 | 0.31468
400000 295 100000 295 155839 | 0.15936
400000 295 100000 295 158666 | 0.05310

Table 3.1: Operating conditions and measurements of Hemidi et al. [31]

3.1.1 Optimizer and methodology

In order to avoid too long computation time, the optimization has been separated
in two parts. First, the on-design part of the curve is fitted by the calibration of
the three first efficiencies i.e. n,, 1, and 7,,. The two remaining efficiencies having
no impact on the on-design part of the curve [32], there is no need to include them
for the fitting of this part.

Afterwards, once the 5 on-design points are well calibrated, the efficiencies 7y and
Nm are used to fit the whole curve including the remaining off-design points. In
this way, the two last efficiencies will fit the remaining points without impacting
the first calibration.

This separation adds complexity to the problem because the on-design points are
calibrated twice. However, it allows to be more precise in the research of solutions
by limiting the computation time. The computation time for an optimizer being
exponential with its number of parameters, carrying out two separate optimizations
with 2 and 3 parameters is several times shorter than once with 5 parameters.
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3.1. Calibration of the entrainment ratio for an entire operating curve

The cost function used to quantify the accuracy of a solution is the Mean squared
error (MSE) which takes the sum of the square of the difference between model
and data points composing the curve. In mathematical form, it gives :

minZwa —wiHQ (3.1)
i=1

Where w! is the entrainment ratio returned by the model for the ith point on the n
points for which the calibration is done. From the optimizer, the only way to do
vary w! is by changing the efficiencies.

The minimization is done with the optimizer using L-BFGS-B method from
scipy.optimise package [33]. The L-BFGS algorithm is an extension of the quasi-
newton Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm [34] for which the
L means "limited memory". This updated version uses a lighter approximation of
the Hessian matrix which makes it more suited for solving optimization problem
with numerous variables [35]. The L-BFGS-B is an extension of the L-BFGS which
allows to add simple bounds on the optimized variables by using ideas from the
trust region methods [36].

the optimizer parameters have to be bounded to avoid error code by achieving the
limitations of the thermodynamic model with an impossible value for an efficiency.
This last extension brings the main feature for what is needed in order to calibrate
correctly the efficiencies. Indeed, the model can not handle any impossible value
for an efficiency that might be proposed by the optimizer.

Firstly, by its definition, an efficiency can not be bigger than one. This gives the
upper bounds. Secondly, the lower bounds need to be all above 0, a negative
efficiency being meaningless. Nevertheless, even if none of the data points belong
to the back-flow regime, by playing with efficiencies the optimizer could explore
this region. The thermodynamic model of Metsue [32] is not able to handle cases
for which the primary flow is reverses back into secondary nozzle (backflow). this
situation must be avoided. The problem happens often when the mixing efficiency
starts to decrease. For solving it, the choice to forbid the optimizer to use a
value lower than 0.9 has been made. This decision should not cause losses of
solutions, because its value is normally close to one due to the way it is define
(see chapter 2). In fact, this efficiency acts in a momentum balance equation. It
represents unknown forces between sections py, sy and m. Given the generally
high momentum, it can be expected that the momentum equation is almost exact
and therefore close to one. This problem is not encountered with the four other
efficiencies for any of their values. However, the primary flow being assumed to
be choked by the model, if a too low value for the primary efficiency is taken
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3.1. Calibration of the entrainment ratio for an entire operating curve

by the optimizer, the thermodynamic model would not find a choked solution
for the primary nozzle and would cause the optimization procedure to stop. It
is reasonable to expect that this efficiency will take values from 0.9 to 1.0. By
trial and error the optimization process behaved until values under 0.7 which
again should not cause losses of physical solutions. A value of 0.7 as bound for
the primary efficiency seems therefore to be reasonable. All this keeping in mind
that non-choked primary flows are not in the interest of this study. Thereby the
five intervals for the variables that will be entered in the inputs of the optimizer are :

My € [0.70,1.0] 1y, 7py, 7a € [0.0,1.0] 1 € [0.9, 1.0]

The first part of the optimization is then to fit the on-design part with the n,, 7,
and 7,,. The main purpose being to find if different sets of parameters can exist
for a single curve, the starting vector should be selected so as to find a maximum
of local minima in the solution space according to the parameters. In this way,
the optimizer is launched each time from a different starting point. Thus, for this
part, the starting vector is uniformly distributed between the bounds of each of the
three first efficiencies 7,, ns and 7,,. In more details, the range for each efficiency
is divided with a 5 length vector thus forming a 5x5x5 grid. The optimizer is
therefore launched 125 times. On this scheme, X represents the starting vector
and i j k the indices of the three linspace vectors. Because of the fact that it is
very unlikely to obtain efficiencies smaller than 0.5, for this part of this study, the
choice to change the lower bounds of 7y, 7,, and 1y from 0.0 to 0.5 has been made.
Thanks to this, the space of efficiencies above 0.5 is more precisely explored while
keeping computation time sufficiently low.

For the second part of the calibration, the two remaining efficiencies 1y and 7, are
used to calibrate the whole curve from all the sets of three efficiencies found with
the previous part (see figure 3.1). The cost function is the same with the difference
that the sum is done on all the 10 points of the curve. The bounds are the same
and sometimes adapted with the set of efficiencies if the mixing of efficiencies need
higher bounds for a certain set of the three first efficiencies.

3.1.2 Results and comments

The first part of the methodology has given 63 different results on a total of 125
different launchings in a uniformly distributed space of parameters for the starting
vector. This result already means that, when calibrating only for the on-design part
of the curve, there are multiple solutions. Moreover one can not talk about few
solutions. There is indeed a different result for more than the half of the launchings.
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T L. sToP
Nd
Optimizer ——»
Nm

Data
NMp.Ns,Npy

Figure 3.1: Flowchart of the optimization process (second step)

Nevertheless, these results do not take into account the mass flows and the off-design
part of the curve. It is therefore expected that less solutions will appear taking into
account the last points with the two remaining efficiencies. This first result suggests
however that the parameters do not allow to find the entrainment ratio, by a single
way, at least for the on-design part. It should however not be forgotten that the only
criterion in the cost function is here the entrainment ratio. It is therefore expected
that multiple solutions could exists. A same entrainment ratio can be retrieved
with piratically no losses for the two flows or with big losses too. The resulted ef-
ficiencies spread indeed in all their authorised domain for this part of the calibration.

After that, starting from these 63 different results, the whole curve has now been
fitted with the two remaining efficiencies, keeping the previous three coefficients
constant. Eight different combinations resulted in a MSE below 1073 and are listed
in table 3.2. The curves are illustrated on figure 3.2.

From this last result, two assumptions can be made. At first, when looking at
the pair of points 0 1, 4,5 and 6,7. It is highly probable that the two solutions
come from a low sensitivity of several efficiencies into certain regions that keeps
the solution below the maximum permitted MSE. Indeed, it can be seen on the
figure that the difference between curves 0 and 1 is quite high but they both
are in the interval of tolerance. After that the points 4,5 and 6,7 have almost
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Tlp s Moy Md Mm
0.9123 | 0.6744 | 0.8349 | 0.6000 | 0.9750

0.9074 | 0.6836 | 0.9922 | 0.6923 | 0.9949
0.7971 | 0.5912 | 0.5000 | 0.8740 | 0.9975
0.8534 | 0.6322 | 0.6690 | 0.7697 | 0.9701
0.9379 | 0.7000 | 0.9994 | 0.6000 | 0.9773
0.9379 | 0.6990 | 0.9868 | 0.6010 | 0.9732
0.9485 | 0.7047 | 0.9916 | 0.5554 | 0.9742
0.9380 | 0.7000 | 0.9994 | 0.6525 | 0.9580

N O Ul W N~ O+

Table 3.2: Values of the 5 efficiencies for the 8 curves that fit all the Data points
with MSE<1073
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Figure 3.2: Operating curves computed by the model vs experiment of Hemidi et.
al [31]. w is the entrainment ratio, 7y is the pressure ratio between the outlet
pressure and the secondary one.

the same efficiencies. Sets 4 and 5 have such a small difference that they can be
considered as the same set. The differences between the two curves are visible
anyway. This shows that the efficiencies remain sensitive with w. The other pairs
indicate probably the presence of a flat minimum especially for the curves 6 and 7
which have almost the same curves and 10 percent different 74. On the other hand
the difference between most of the points can also be explained by some efficiency
that counteract the effect of the others by the change of one efficiency when an
other operating in the same region decreases or increases. For example, the difuser
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and mixing efficiencies causes similar effects on an operating curve [1] and between
curves 0 and 7, there is a decrease of 7, whereas an augmentation of n; can be
observed. This is also visible between sets 6 and 7. this already suggests that there
are too many efficiencies in the model to be calibrated only on the entrainment
ratio. Based on the global information from the mass flow rates, the losses can
not be localized in the mixing duct or in the diffuser. So, the two can not be both
calibrated and one should be fixed. This latter assumption will be studied more
precisely in chapter 4.

However, when looking at the large difference of curve 2 with each of the efficiencies
compared to the other curves, it is unlikely that it comes from low sensitivity of
the efficiencies. Indeed, this solution suggests that an other minimum in the space
of the cost function exists and that there are indeed multiple possible solutions for
the calibration of the entrainment ratio along an entire operating curve.

3.2 Minimization point per point with complete
outputs

3.2.1 Methodology

Given that the internal flow field can be largely different depending on the operating
conditions, different efficiencies might be needed to reproduce an experimental
curve with the model. Consequently, the idea of considering not the entire curve
but a single operating condition point is proposed in this section.

Moreover, the entrainment ratio was considered for the calibration without taking
into account the individual mass flow rates. Given that more solutions should
appear when considering a single point and based on the findings in the previous
section, it is deemed better to consider both mass flow rates in order to limit the
possible solutions. This also allow to have a more determined calibration problem
even if losses in the mixing pipe from the diffuser can still not be distinguished.
The data-sets containing mass-flows with entrainment ratio are nevertheless fewer
in the literature.

The process is separated in two steps:

First, the calibration is done for the entrainment ratio using exactly the same
process as the previous section with the difference that it will be done point per
point instead of with a set of points. Since the calibration is more than 3 times
faster with a single point, the linspace vector has been doubled in length which
means that the optimization is launched 1000 times for this step.

After that, once all the solutions for the efficiencies with correct entrainment
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ratio are obtained, the mass flows obtained with those results are computed and
compared with the real ones. The sets with sufficiently good mass flows are then
selected.

For the first step, the same error criterion for selecting a result or not has been
taken. Assaid : MSE < 103. For the second step, all the results having a mass-flow
in a gap of £0.5% are kept.

For this part of the study, data from Mazzelli et al. [37] is used. More precisely,
the point for which the process is performed corresponds to an on-design point
with the following specifications :

P,o(Pa) | T,(K) | Pyo(Pa) | To(K) | Py(Pa) | my(kg/s) | my(kg/s) |
500000 | 295 | 97400 | 295 | 120000 | 0.328 | 0.166 |

The choice has been made for an on-design point because this regime is easier to
model and this is the desired regime to achieve for an ejector.
The geometry of the ejector used for the experiment is drawn on Appendix A.1.

3.2.2 Results and comments

The error criterion for the selection of solutions during the first step turned out to
be nonrestrictive. Indeed, the optimizer has no trouble to find a solution that is
almost zero for a single point with the five efficiencies. Therefore, all the different
solutions have been taken for this part.

Once the entrainment ratio was known to be predicted accurately, only the stocked
sets of efficiencies for which the primary mass flow rate was 0.5% around 0.328
has been kept which reduced the number of solutions to 13. This means that the
individual mass flow rates are absolutely needed and not only the entrainment
ratio. Otherwise, the same ratio can be reached with low or high efficiencies and
thus low or high flow rates. The sets with their associate primary mass flows are
shown on tab 3.3.

Except for n,,, it can be observed that all efficiencies admit a deviation. It remains
quite small for 7, that can vary until 2%. It is small enough to consider it as
uniquely defined. This means that 7, can be fully defined from the primary mass
flow rate which makes sense when looking at the equations for a choked primary
nozzle [1]. This last result can simplify the calibration strategy and will be experi-
mented on chapter 4. However, one can no longer talk about small variation for
Ns, Npy and ng. The gap between the smallest and largest efficiency is indeed of
6.4% for the secondary efficiency, 23.5% for 7, and 50.9% for the diffuser efficiency.
Moreover it can be seen with n, and 7,, that there are two clusters of values. They
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Mp Ms Tlpy Md Mim 1y w
0.930 1.0 0.467 0.439 1.0 0.327
0.936 1.0 0.482 0.707 1.0 0.328 | 0.506
0.939 | 0.999 | 0.489 0.713 1.0 0.329 | 0.506
0.935 | 0.945 | 0.679 0.255 1.0 0.328 | 0.506
0.929 | 0.937 | 0.691 0.278 1.0 0.327 | 0.506
0.929 | 0.956 | 0.623 0.367 1.0 0.327 | 0.506
0.932 1.0 0.473 0.277 1.0 0.328 | 0.506
0.939 1.0 0.488 0.281 1.0 0.329 | 0.506
0.936 | 0.998 | 0.487 0.557 1.0 0.329 | 0.506
0.932 1.0 0.471 0.523 1.0 0.328 | 0.506
0.932 1.0 0.472 0.527 1.0 0.328 | 0.506
0.927 1.0 0.459 0.746 1.0 0.327 | 0.506
0.920 | 0.936 | 0.496 0.237 1.0 0.327 | 0.506

— = =
D8 © 010U kW~ O

Table 3.3: List of the 13 solutions for the five efficiencies that match the entrainment
ratio and the primary mass flows with a precision of 0.5%.

are located around 0.94 and 1.0 for 7, and near 0.47 and 0.67 for 7,,. This latter
result proves the presence of local minima in the cost function instead of a flat
minimum for these efficiencies. This means that more than one solution is possible
for this point for the model. This also and more importantly means that there is
another indetermined couple of efficiencies between 7, and npy. They are inversely
related: if one is high, the other is low like 7y and 7, in the previous section. As for
74, the possible solutions are that spread that the question of the independence for
this point with this efficiency deserves to be asked. In fact it is logical that 74 has
no influence on an on-design point because its only effect is to shift the critical point.
It should therefore not be included in the parameters of the optimizer for this regime.

3.3 Conclusion

This chapter aims to answering the question if multiple combinations of efficiencies
could be possible first when calibrating on an entire operating curve and secondly
with a single operating point for the calibration of the mass flow and the entrain-
ment ratio. It was found that multiple solutions can fit the curves and the operating
point. In both cases, the differences between the sets have strongly suggested that
there are indeed multiple possible solutions. Moreover, it appears that couple
of efficiencies exist between 7, and 7,, and between 7, and 7,,. This later result
indicates that among these pairs, one should be fixed because they are related. By
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this way, the model could retrieve a number of efficiencies so as to calibrate it with
a single solution.

Even if the question seems to be answered, what was studied in this chapter is far
from being representative of the behaviour of the efficiencies in all the parameter
space. Indeed the operating curve only represents a single operating condition. For
the calibration with a single point, the off-design regime is not taken into account.
Moreover, these efficiencies could be sensitive to the ejector geometry too. However,
these single conditions allow to bring to light the fact that the calibration solution
is not unique. the chosen conditions being not extraordinary, it can be expected
that this phenomenon occurs for other regimes and even for most of them as seen
with the numerous solutions for this one.

To conclude, with all these results, it can be assumed that multiple solutions exist
for a single operating condition. This situation is not desirable for launching a
machine learning model and has therefore to be resolved. This last issue will be
the main topic of chapter 4.

However, the conclusion drawn from these results should not be taken as general
given the specific operating conditions used for the process. Indeed, in this chapter,
it was shown what was necessary to prove the multiplicity of solutions with a single
example.

To go further, it could have been interesting to enlarge this process to many
other conditions. One could propose to try this process on other operating points
for example in off-design regime or simply with other pressures, mass-flows or
temperatures. In this way, high dependencies or independence of efficiencies
according to parameters in a certain region could have been discovered. For
example, it is not unlikely that 7, is independent from the operating conditions
in the on-design regime. Even if this could bring more information about the
behaviour of the model with efficiencies, this would exceed the goals of this chapter.
Nevertheless, a more precise inspection of how the efficiencies behave with each
other and with the other parameters will be carried out in the next chapter by a
different approach. By this way, the next chapter will also investigate which of the
efficiencies can be left out of the calibration in order to find a unique solution.
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Chapter 4
Global Calibration

As mentioned in the previous chapter, the model, as it is, can not fit in a single
way the value of the mass flows. This means that the five efficiencies are too
many to characterise, in a unique and physical way, the actual outputs of the
thermodynamic model. The system of the calibration problem is overdetermined.
Therefore, one solution could be to modify the thermodynamic model itself with
the purpose of solving this calibration problem.

In this chapter, An approach to simplify the model will be proposed in order to
satisfy the criterion of having one set of efficiencies for one set of outputs.

First, the idea of removing an efficiency of the parameters or merging two efficiencies
to give a single one will be tested. In this way, the model is simplified by reducing
the number of parameters.

In the second part of this chapter, the way of adding the critical pressure in the
output will be explored. Indeed, as reducing the number of parameters could be a
solution to the problem, adding a new criterion to minimize can be a solution too.
Moreover, it allows to be more accurate for the representation of the physics of the
calculated points.

4.1 Setting and fusion of efficiencies

4.1.1 Methodology

For all this chapter, the experimental results used to calibrate the model are those
from experiment that was conducted at the VKI on the DMU 03 ejector. It should
be notice that the primary nozzle of the ejector is divergent. The diameters of
the primary throat and exit of the primary nozzle are therefore the same and are
equal to D, = Dy, = 28 [mm]. The diameter of the constant area section, as
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for him, is equal to D, = 52 [mm]. The data-set contains 134 operating points.
There are, among them, several points with zero entrainment ratio and others
belonging to 6 different operating curves. The optimizer that will be used is the
same as that of the previous section. Namely the scipy optimizer with L-BFGS-B
algorithm [33, 34].

Before starting any change with the efficiencies, it is necessary to determine a way
to observe which efficiencies are the most changing and if there are correlations
between them. By this way it will be possible to fix the value of an efficiency if
it is observed that this one can often take a wide range of values for the same
solution or if its impact is quite low. With this kind of method, it may also be
possible to fix an efficiency if a correlation between efficiencies is observed. This
would indicate that they have a similar impact on the mass flows and one of the
two may be therefore useless.

The way of proceeding will be inspired from the Monte-Carlo method [38] by cali-
brating a point a large number of times from different initial guesses. An effective
means to observe correlations and changing is by the calculation of the mean value
and standard deviation of each efficiency for the point calibrated a large number of
times.

To do so the following methodology will be used for each point of the data-set.
First, a random value is assigned for each of the efficiencies between the following
bounds :

Ny € [0.25,1.0] 7, Moy 4 € [0.0,1.0] 7, € [0.9,1.0]

The bounds for n, and 7, are chosen such that they avoid a crash of the code
which may be due to nonphysical flow or other cases like back-flow that are not
handled by the model.

Once the efficiencies have been obtained randomly, they are included as the starting
vector of the optimizer parameters. In this way, if different solutions exist for a
point, the optimizer should, over the iterations, find them. Moreover, if a solution
found by the optimizer has a value of the cost function above a threshold value
depending on the number of efficiencies to calibrate, the computed efficiencies are
not stocked and the iteration starts again. Nevertheless, a number of maximum
re-iteration is taken into account to avoid infinite loop. The value of the threshold
value could be increased after when there will be less efficiencies to calibrate.
Finally, after 50 iterations, the means and standard deviation are computed from
the obtained efficiencies. The amount of 50 was chosen in order to have a sufficiently
numbered sample without taking too much computational time. A schematic of
the process is drawn on figure 4.1.
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Figure 4.1: Diagram of the algorithm to obtain mean and standard deviation of
efficiencies

The precision for a solution of the optimizer being determined by the value of
the cost function, this one has therefore to be correctly defined according to what
should be minimized. In this case, the desired effect is to obtain efficiencies such
that the model fits the experimental points. The criterion to minimize is then
the difference between the outputs of the model and the corresponding obtained
experimental values. In other words, the goal is to minimize the error on both
mass flow rates. The cost can thus be expressed as:

T (13 155 My N M) = [y — |5 + [[m — m 3 (4.1)
Where m} and m#, are the values of the primary and secondary mass flows predicted
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by the model and m, and m; are the experimental ones. The norm is taken
according to the L2 norm definition.

4.1.2 Results and comments
4.1.2.1 Calibration with five efficiencies

The first result to notice, before seeing the global result, is that for several points
without entrainment, therefore with w = 0, solutions with a zero standard deviation
are observed. This means that, for these operating conditions, the solution is well
determined and the set of efficiencies is at each time of the following form :

Mp, 1Ns=0.0, 1y =10, ng=10, n,=10

With 7, that can take different values depending on the value of the primary mass
flow. From this, it can already be concluded that: if calibration for these points has
to be done, one can not fix the value of the primary efficiency for these points. More-
over, if the value of one or the other efficiencies is fixed in what follows, it must be 0.0
for the secondary efficiency, which makes no physical sense, or 1.0 for the other ones.

The means and standard deviations for all points are represented on figure 4.2 and
4.3 respectively. These figures represent the evolution of the means and standard
deviations for each parameter according to each other. These parameters include,
among other, the state variables which are inputs of the thermodynamic model
expressed in dimensionless ways, which are the two pressure ratios 7, and mq,,
between the secondary pressure and the outlet pressure compared to the primary
one. After that, the correlation with the entrainment ratio w is also expressed.
Obviously, the five efficiencies are present on the right side of the tabular.

What appears on the upper left part of the figures concerning correlations between
inputs with each other and inputs with output is not in the concerns of this chapter.
It can nevertheless be noticed that there is no point in the left up part of the
scatter plot between omega and the first pressure ratio. This shows the need to
have bigger pressure ratio to achieve higher entrainment ratio and the compromise
to take between this two performance indicators.

On figure 4.2. There is no clear trend observable between efficiencies and other
variables. Nevertheless, a correlation seems to appear on the plot between 7y
against 7,,. According to what the bounds allow, the values that can appear are
wide for all the efficiencies except for 7, which keeps high values as expected. 7,
and 7,, remain generally above 0.5 but 7, and 7, are completely scattered. The
diagrams on the diagonal of the figure indicate the probability that a certain range
of values will appear.

32



4.1. Setting and fusion of efficiencies

Scatter plot according to the means
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Figure 4.2: Correlations between the inputs of the model, the entrainment ratio
and the means of the five efficiencies

On figure 4.3, the first observation to notice is the very high values of standard
deviations that can take n,, 7,, and 1. Moreover, even 7,,, which is constrained
between 0.9 and 1.0, has standard deviation that is, for most of the operating
points, between 0.01 and 0.02. Yet, the standard deviation of 7, is more acceptable.
The calibration of this efficiency seems moreover quite independent from the other.
This is certainly because of the fewer variables that are involved in its definition2.

Recalling the question of the introduction, it appears now that, based on the latter
result the parameters of the model are too numerous. It is therefore expected that
the mass flows found by the model will fit well (even to well) the mass flows of
the data-set. Figure 4.4 and 4.5 draw the differences, for primary and secondary
mass flows respectively, between the value of the data-set (ordinate) and computed
by the model. The difference is plotted for each of the 50 iterations of each point
of the data-set. The black line represents the value for which the model would
perfectly match the data. The dotted lines represent a ten percent error of the
model compared to the data.
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Scatter plot according to the standard deviations
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Figure 4.3: Correlations between the inputs of the model, the entrainment ratio
and the standard deviations of the five efficiencies obtained by optimization point
per point (see section 4.1.1)
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Figure 4.4: Error on the primary mass Figure 4.5: Error on the secondary
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As expected, there is a very good fit when the optimizer uses the five efficiencies. It
can be noticed that the primary mass flows are a little less well estimated compared
to the nearly perfect fit for the secondary flow. However, in both plots, these very
precise results suggest that the solutions are overfitted. Overfitting is dangerous
because it makes a solution so suited to a problem that trying to use it by extension
for another problem will lead to very bad results. In fact, the points are well
estimated but not what is nearby them. It is absolutely to be avoided to make the
machine learning methods usable.

4.1.2.2 Calibration with 4 and 3 efficiencies

From the results of the previous subsection, the question is now to choose a way to
reduce the number of parameters for the optimizer.

For this purpose, one of the efficiencies has to be fixed. As seen in the previous
section, this efficiency can not be the primary one and the other must be fixed to
a certain value. Therefore, the value of the secondary efficiency cannot be fixed
because this would impose a zero secondary flow no matter the other conditions.
The question is now to choose which efficiency will be set to as equal one.

It appears that 7,, has a lower impact on the outputs [32] than ng or n,,, it is
physically less important than them. Moreover no correlations with inputs or any
other variable clearly appear. On top of that, the mean values of 7,, are quite
high. It should therefore not be a problem to set the value of this efficiency to 1.0
considering its high standard deviation as well.

Figure 4.6 and 4.7 show the scatter plots of the means and standard deviations
with 7, fixed to one. The values of the standard deviations have generally reduced.
However, they are still unacceptably high. Especially with 7, and 7, for which
the standard deviation can often achieve more than 0.2. This means that the
parameters are still too numerous and the setting of 7, is not sufficient to obtain
a single set of efficiency for each point.

The errors with four efficiencies are visible on figure 4.8 and 4.9 for the primary
and secondary mass flows respectively. As it can be seen, errors are already bigger
for some points. They sometimes even exceed 10% but remain even so generally
small. Nonetheless, the secondary mass flow near zero is not well determined. This
means that 7,, has an important role for low secondary mass flow since there was
no such observation with five efficiencies.

The global reduction of standard deviation lets appear clearer correlations between
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Scatter plot according to the means
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Figure 4.6: Correlations between the inputs of the model, the entrainment ratio
and the means of the four efficiencies

some variables. First, it becomes clearer that a correlation between 7, and n,,
exists. As seen from the shape of the correlation, it would be a linear positive
correlation. Thanks to this, one efficiency could be able to be expressed in terms of
the other one. It also means that, if one of both is defined as having a value equal
to 1.0, the remaining should be able to take the role of both. In this way, one more
parameter of the optimizer can be removed. Because 1, has the biggest standard
deviation and deleting 7,, has not reduced it significantly, it will be defined as
being equal to one.

With more efficiencies being equal to 1.0, the bounds of 7,, can now be extended

to:
Nm € [0.8,1.0]

The results of the scatter plots with 3 efficiencies as parameter of the optimizer
are displayed on figure 4.10 and 4.11. As can be seen on figure 4.11, the standard
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Scatter plot according to the standard deviations
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Figure 4.7: Correlations between the inputs of the model, the entrainment ratio
and the standard deviations of the four efficiencies
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Figure 4.8: Error on the primary mass Figure 4.9: Error on the secondary
flow mass flow

deviations, although quite reduced for 7, are still not significantly reduced. On the
contrary, they are sometimes higher with 3 efficiencies than with 4 for 1, and 7,,.
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Scatter plot according to the means
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Figure 4.10: Correlations between the inputs of the model, the entrainment ratio
and the means of the three efficiencies

On the means scatter plot of figure 4.10, new values of means between 0.8 and 0.9
are appearing for 7,, due to its wider range. Moreover, some correlation between
7s and w is apparent. This correlation will be explored in more detail in what follows.

As can be seen on the error representation in figure 4.12 and 4.13. The error on the
secondary mass flow rate has not significantly changed. In contrast, the primary
mass flow has lost a lot in precision. Without the diffuser efficiency, the solution
found by the optimizer with the model often overestimate the primary mass flow
which is quite surprising given that 7, should be sufficient.

With this last experiment, it seems that the enlargement of the mixing efficiency
bounds has compensated, in a way, the deletion of the diffuser efficiency by allowing
more solutions with its new range. However this new range has maintained quite
low error for secondary mass flow but it did not avoid the increasing primary mass
flow error. Nevertheless, the standard deviation remains too high. This means
that this approach is not sufficient to obtain a single solution for each operating
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Figure 4.11: Correlations between the inputs of the model, the entrainment ratio
and the standard deviations of the three efficiencies
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condition.
In what follows, a slightly different way to proceed will be explored.
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4.1.2.3 Calibration with two efficiencies

In the above, with the optimization with five parameters. It was first mentioned
that for some points for which w = 0, 77, was the sole efficiency to determine the
primary mass flow. This seems consistent given the parameters determining the
primary mass flow, as can be seen in the model of Metsue et al. [1]. However, it
does not mean that the primary efficiency cannot impact the secondary mass flow.
In addition to that, some correlation has been observed between 7, and w. With
n, and m,, determined, it would mean that only 7, could be necessary to find the
remaining output which is the secondary mass flow rate. Moreover 7, should not
impact the primary mass flow rate and therefore n,,.

In what follows, the way to proceed will therefore be to find the primary mass
flow by the calibration of 7, and nothing else. After that, the best fitting value
of n, for each point will be taken back and the secondary mass flow rate will be
calibrated with only the secondary efficiency. When this process is expressed as an
optimization problem, it gives :

min J, (1) = [[m}, my||* (4.2)

min Ja (1 7p) = ||mg — mal[* (4.3)

As shown in figure 4.15, this method brought down the standard deviations. It
becomes negligible for all the operating conditions with 7, and with most of them
for ns. Several points have nevertheless still large standard deviation with the
secondary efficiency. Even if there are only a few such points, this means that
two values of 7, are allowed to give the same secondary mass flow rate. This
calls for reflection on the question of whether the mass flow rates are sufficient to
characterise the entire flow on the ejector for a given set of inputs. This subject
will be the main concern of the following section.

In the mean scatter plot (figure 4.14), the values of the primary efficiency are, for
most of the points, between 0.95 and 0.97. These values decrease a little when
pressure ratios take higher values. Higher compression ratio often corresponds
to off-design application. Physically speaking, the values of 7, correspond well
to what is expected. However, with regard to the secondary efficiency, there are,
at first, a bit less correlations with the entrainment ratio. On the other hand,
The value of 7, takes very often the value 0.0. A zero efficiency is physically
meaningless. This raises another question that will also be discussed in the next
section. This zero points are each time corresponding to zero entrainment ratio
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Figure 4.14: Correlations between the inputs of the model, the entrainment ratio
and the means of the two efficiencies

points but there are also w = 0 points for which the secondary efficiency is different
from zeros. Nevertheless, it should be remembered that the thermodynamic model
may cope limitations with the nil value of the entrainment ratio. In view of the
very low values of 7, it can be assumed that the losses that the three other deleted
efficiencies should take into account are taken into account by the n,. Finally an
extension of the model would likely cause improved calibration results for omega
close to zero.

The accuracy of the model with the optimizer to find the primary mass flow is
depicted on figure 4.16. In addition to causing almost no standard deviation, the
process to find mg with only 7, is remarkably effective. Moreover this accuracy
proves again that the secondary efficiency has no influence on the primary mass
flow. As for the secondary efficiency (figure 4.17), even if the accuracy is not as
good as for the first one, the process demonstrates more accuracy compared to 3 or
4 efficiencies. There are still a little more errors with some zero entrainment ratio
points. The better accuracy appear probably because the calibration is split in two
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Figure 4.15: Correlations between the inputs of the model, the entrainment ratio
and the standard deviations of the two efficiencies
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easier optimization problems in a lower dimensional space
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To conclude, there is no doubt that the process with two efficiencies as input
parameter of the optimizer is the best. However, it is probably not sufficient to
launch a machine learning model. Indeed, there are still issues and questions
concerning the results obtained with the secondary efficiency. The fact that only
two efficiencies are sufficient to find the output is also questionable. The following
section tries to give some answers to this.

4.2 Addition of outputs

According to what has been discovered in the previous section, a question worth
considering :

For given inlet and outlet total pressures, inlet static temperature, geometry of the
ejector and the 5 efficiencies, are the two mass flows sufficient to characterise an
operating point of an air ejector ?

When analysing the impact of each efficiency on an operating curve, it appears
that the diffuser and mixing efficiencies have no impact on the mass flows in the
on-design regime [1], which makes sense given that both flows are chocked in this
regime. This means that these two efficiencies are irrelevant in the on-design regime
if the outputs of the model are only the mass flows. Moreover, in the previous
section results, it appears that, for low value of w, the optimizer compensates by a
low value of n,. Although that result remains physically correct, it should not be a
low efficiency that makes the entrainment ratio decrease but the increasing outlet
pressure. The meaning of the solutions of the previous section therefore appears
clearly. For each point in the on-design regime, only the primary and secondary
efficiencies can be needed to find the mass flow rates. Therefore, for each set of
mass flow rate, an on-design solution is found with the two first efficiencies. From
this, it can be assumed that another off-design solution exists for these points that
cannot be differentiated with the mass flow rate as sole outputs. As illustrated on
figure 4.18 and considering constant primary mass flow, many sets of efficiencies
corresponding to one set of mass flows can be found for points belonging to many
operating curves. One point is on-design, and the others are off-design. This means
that, although the latter results from the previous section globally give the correct
results according to mass flows rate, they can be completely wrong locally or even
at a different operating regime.

4.2.1 Critical pressure as new output

Given that all points of the data-set are not on-design, an additional variable can
be added in the outputs of the model. This output has to be an indicator of the
operating regime.
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Operating curves with same inputs but different efficiencies
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Figure 4.18: Operating curves with same inputs but various efficiencies, the crossing
point has the same mass flow rates but different operating regimes

Considering the information the data and the model can provide, including the
critical pressure as output is a choice allowing to obtain more information about the
whole operating curve to which the point belongs(at least if it is on- or off-design)
This solution keeps simple calculation for the model and with the using of data.

As the critical pressure is already computed into the model of Mestue et al. [1], it
does not brings any problem to add it in the outputs. However, the purpose is to
be able to add the difference between the critical pressure computed by the model
and the real one in the minimisation cost function of the optimizer. This leads to
an issue which is that the critical pressure is, for most cases, not provided with the
experimental data-sets.

In this case, the data from VKI allow nevertheless to obtain an estimation of the
critical pressure. The set contains 6 operating curves composed of 63 points. It is
therefore workable to extract a critical pressure for each of the 6 points by selecting
manually the point from which the curve seems to decrease for more than 10%
according to the back pressure. The figure 4.19 illustrates the process for one of
those curves.
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Figure 4.19: Data points belonging to the same operating curve with the sixth
being the critical point

Thereby, the additional criterion to minimize for each points will be written as
follows :

Where p? is the critical pressure computed by the model and p. the real one
extracted from the data.

Three ways will be explored for the calibration with this new criterion.

First, as for the last case of the previous section, the calibration with two efficiencies
will be tested. It will verify if the new criterion is relevant and if the calibration
with two efficiencies is still feasible.

The calibration of the primary flow with the primary efficiency was sufficiently
efficient to be kept it as it was. The secondary efficiency will therefore be used
for the calibration of the secondary mass flow rate and the critical pressure. The

minimization problem system can be written as follow:

min J1 (1) = [[mg; —my|| (4.5)

min Ja (s 1p) = [[mg — mall/ms + [[pf — pel|/10° (4.6)
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With J; and J; the two cost functions. The pressure criterion is divided by 1 bar
and the secondary mass flow rate by the mass flow from the data-set in order to
non-dimensionalyse and keep the same order of magnitude between both criterions.
Dividing by 0 can no longer cause an indeterminacy with this data-set given that
there is no longer my, = 0 point within. Nevertheless, the small m, points have
more weight in the cost function compared to the critical pressure.

The second minimization choice will take into account one more efficiency. Since
the main effect of the diffuser efficiency is the variation of the critical pressure
without changing significantly the other parameters [32], it should be helpful to
include it in the calibration. The calibration of the primary flow with the primary
efficiency is kept. The minimization problem system is therefore:

min Jy (1) = |m? = m, | (4.7)

min  Jo (13 105 1p) = ||mE — ml|/ms + ([P — pel|/10° (4.8)

NssTd>Tp

In the third approach, the three criterions will be minimized with the three efficien-
cies together. This will allow to observe if the primary efficiency can add precision
to the calibration of the critical pressure by losing a part of it for the calibra-
tion of the primary mass flow rate. The minimization problem system thus becomes:

min T (y54550) = 2 =y g + llm2 = || fms + (12 = pell/10° (49

The following subsection presents the results for each of the three approaches.

4.2.2 Results and comments

When only the points belonging to operating curves remain, the Data-set is reduce
to 63 points and there are no longer zero entrainment ratio points.

4.2.2.1 Calibration with efficiencies calibrated separately

Figures 4.20 and 4.21 show the scatter plots for the means and standard deviation
with two efficiencies calibrated this time with the critical pressure as output. As
it could have been expected, the standard deviations for the two efficiencies are
again reduced. Moreover, they take such low values that they could be assumed
to be numerical oscillations of the optimizer. On the other hand, except for a
slight diminution of correlations, no significant changes are visible for the means
compared to figure 4.14 for which critical pressure was not considered.
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Scatter plot according to the means
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Figure 4.20: Correlations between the inputs of the model, the entrainment ratio
and the means of the two efficiencies

On the other side, some results are more interesting to observe on the accuracy
plots. The figures 4.22, 4.23 and 4.24 illustrate the error between the experimental
value from the data-set and the calibrated value for the primary mass flow rate,
the secondary one and the critical pressure respectively. For the mass flows, the
calibration is almost exact. The error is as small as for the case of figures 4.16 and
4.17 with the difference that the less accurate points have just been deleted from
the data-set because they were those for which w = 0. Figure 4.25 gives a better
illustration of what represents such an error on critical pressure by comparing it
with operating curves. On those whole curves, the inlet conditions and efficiencies
from the chosen calibrated point are kept.

The critical pressure however is less accurate. The more the model deals with
higher critical pressures, the more it tends to overestimate them. As seen from
the difference of accuracy between the pressure and the mass flow rates, one could
propose to put more importance on the minimization criterion of the pressure
compared to the mass flow rate in order to balance the errors. Yet, this has given
exactly the same results with 10 times more weight for the critical pressure. On
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Scatter plot according to the standard deviations
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Figure 4.21: Correlations between the inputs of the model, the entrainment ratio
and the standard deviations of the two efficiencies

the other hand, the critical pressure, because of the relatively poor accurate way it
is obtained, should not require very high accuracy. However, the scatter plot of the
means (figure 4.22) does not give enough correlations to allow to launch a machine
learning model with this method.

By the results of the mean scatter-plot and the accuracy for the mass flow rate
compared with the results without considering critical pressure 4.1.2.3, it can be
assumed that the optimizer behaves almost identically as if the outputs were not
containing the critical pressure. In this way, the critical pressure is not really
optimized. Indeed, the value of the standard deviation in figure 4.15 was already
too small to let to the optimizer enough room for maneuver. The only additional
choice the optimizer could make was to select better the efficiency for the several
points which still have high standard deviation for ns on figure 4.15. It could indeed
be expected that two calibration parameters would not be sufficient to calibrate 3
different outputs.
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4.2.2.2 Calibration with three efficiencies with primary mass flow rate
calibrated separately

The main result to observe on figure 4.26 and 4.27 is the raising of the standard
deviation for ny as well as the numerous points for which the deviation is also high
for the diffuser efficiency. Obviously, because the same process is used to find it, all
the results concerning the primary efficiency are the same as just above. As for the
means, there is no trend or correlation visible enough to draw new conclusions. One
could try the calibration with 7, or n,, but this does not give more satisfying results.
This has led to the idea of the minimization including the three efficiencies together.

Figures 4.35, 4.36 and 4.37 depict the accuracy of the calibration using 3 efficiencies
with 7, found by the calibration of only the primary mass flow rate. As can be seen,

49



4.2. Addition of outputs

Operating curve Data(blue) vs model(black). Point 32 ’,r' 026 Op‘eratu\gvcurve Qala(blug) VS mpde\(blav(kl Pul[v( 27
< \
08 . / \
\
0.6 \
\
3 \
0.4 \
\
0.2 \
\
\
0.0, . . N N )
105 110 115 120 125 § 08 10 12 14 16 18 20
Pout/Ps.o

Pout/Ps.0

Figure 4.25: Error on the critical pressure represented by 2 operating curves for 1

point. The black one(smooth) is the model and the blue(broken) is made up with
data-points

Scatter plot according to the means

0.5
Q
w
. - .
- . -
¥ = .(,,
&t I
0,921
0.75 , PR AL . St gl e L el Fr
&2 050 S s -
0.25 -
008 5 =
i § Ve .. o
2 05 :
~ N = w© o " N~ ¢ © o A 0 a
s o s oS & o S @ @ & 3 S S i
Ms,p Mg, p w Np Ns Nd

Figure 4.26: Correlations between the inputs of the model, the entrainment ratio
and the means of the three efficiencies

50



4.2. Addition of outputs

Scatter plot according to the standard deviations

0.0 et - -l . : ‘
™~ < ™~ < w0 o ['s] (=] — o~ (=) ~ <+ O ~
=] =] S =] S o [=] g g g S =] (=3} =]

1. Iy
5. p d,p w sDn, 5Dns 5Dngq

Figure 4.27: Correlations between the inputs of the model, the entrainment ratio
and the standard deviations of the three efficiencies

the accuracy of the primary and secondary mass flows remain very satisfying. On
the other hand, the higher critical pressure are better estimated than just above.
However, the model completely overestimates the critical pressure for one entire
operating curve. On the other hand, the point for which the model has returned
a zero critical pressure is assumed to be an outlier. These results demonstrate
that the diffuser efficiency may have a significant influence on the critical pressure.
However, it can not handle all the cases as seen from the overestimate set of points.

4.2.2.3 Calibration with three efficiencies calibrated together

As for the means and standard deviation scatter plot on figures 4.31 and 4.32, the
results are not much different as just above with the exception that the standard
deviations have slightly decreased. They remain however too high for a lot of points.
Nevertheless, after inspecting the characteristic of the high standard deviation
points, it appears that all these points are in off-design regime. This can be seen
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on figures 4.33 and 4.34 which shows the standard deviation for on- and off-design
points separately. The on-design (green points) points have negligible standard
deviations for 7, and 7y and it is very small for 7. This means that these points
are effectively well defined with three efficiencies. On the other hand, the number
of possible sets of efficiencies raises for off-design points. This could come from
the fact that, even with similar critical pressure, a point may belong to different
operating curves in the off-design part.

However the means plot does not make appear clear correlations between variables.
This may be due to the higher standard deviations but the fact is that it does not
encourage creation of a machine learning process to find efficiencies. Without clear
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Figure 4.31: Correlations between the inputs of the model, the entrainment ratio
and the means of the three efficiencies

trends between inputs and efficiencies, a neural network can not estimate well an
output. However, this does not mean that the parameters of the scatter plot are
indeed correlated. Is is quite possible that such correlations do not exist at all.
Nevertheless, this does not prove that the training of a machine learning model is
not possible. Trends between data could appear in a way or an other by playing
with the way the calibration is made.

The error plots of figures 4.35, 4.36 and 4.37 are, for their part, quite different
when the three efficiencies are calibrated together. There are a little more error
on the primary efficiency but it remains very accurate. It is however less the
case fore the secondary mass flow which has loss a lot of accuracy especially for
several points. The critical pressure is, for its part, calibrated with more accu-
racy. Moreover, the overestimated curve and outlier point are no longer present.
It seems that, by putting all the efficiencies together for the calibration of all
the outputs with critical pressure, the optimizer have better balance the error
of calibration of the output by keeping globally the same results for the scatter plots.
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Figure 4.32: Correlations between the inputs of the model, the entrainment ratio
and the standard deviations of the three efficiencies

4.3 Conclusion

During this chapter, some calibration methods have shown better results than oth-
ers. First, the outputs of the model were kept intact and the number of efficiencies
have been strategically reduced. During this section, one calibration gave better
results than the others: the one using only the primary and the secondary efficien-
cies to calibrate separately the primary and secondary mass flow rates respectively.
In this context, most of the points were very accurately calibrated with a single set
of efficiencies. However, a major problem arose from these results: the two mass
flows were not sufficient as outputs, because there was no guarantee that a point
found by the model belonged to the correct operating regime.

To remedy this, the critical pressure has been added in the outputs. With this
supplementary output, the calibration with primary and secondary efficiencies still
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Figure 4.33: Correlations between the inputs of the model, the entrainment ratio
and the means of the three efficiencies: On-design points

gave good results but, the critical pressure being not well calibrated, it resulted in
almost to the same calibration as before. This case does therefore not bring much
additional interest. On the contrary, calibration of the three outputs with three
efficiencies together gives satisfying results in terms of accuracy but the standard
deviation becomes again higher and the accuracy on the primary mass flow rate,
which was easy to calibrate before, is decreased. Nevertheless, when looking closely
at the operating conditions, it appears that the standard deviation is raised only
for the off-design points. The above cases without standard deviation computed
probably only on-design points. This would mean that off-design points would
always have higher standard deviations because of the numerous possibilities to
match a curve to critical points.

A way to go one step further could be to separate on- and off- design points and
calibrate the off-design points with one or two more efficiencies. In this way, the
on-design point would keep low standard deviation and that of the off-design points
would decrease.
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Nevertheless, given that the calibration point per point seems to has achieved is
limitations at the end of this chapter, a new way of proceed will be explored in
the next chapter. In what following, the calibration will be made, no longer for a
point, but with multiple points which compose a part of the curve. In that way the
vicinity of the operating condition will be also taken into account. This process, in
addition to gaining in robustness, could make the solutions more deterministic.
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Chapter 5

Calibration using several
operating points

The previous chapter has indicated that many points lead to indeterminate solu-
tions where using three efficiencies and three outputs. However, from these results,
another way to proceed can be found. Indeed, by calibrating with single points,
the sensitivity as well as the dependency of each efficiency according to the mass
flows and the other parameters are ignored. For example, it is interesting to see
how the secondary mass flow rate is linked with the secondary efficiency by looking
at which range of value for ny is linked with a mass flow rate.

Figures 5.1 and 5.2 compare the value of the secondary efficiency for each secondary
mass flows. On the left 77, and 7, are only used for the calibration of the two mass
flow rates and the critical pressure. On the right the result with calibration of the
same outputs and the addition of 7, into the parameters can be seen.

As can be seen, even if these two cases seem firstly to give similar results, the
solutions according to the efficiencies do not appear to be the same. Indeed, in the
right part of the figure, the value of the secondary efficiency can change significantly
in the near vicinity of the solution for the secondary mass flow rate. This means
that another solution can be found when changing a bit the mass flow rate. On the
contrary, when using two efficiencies, the value of the secondary efficiency changes
linearly according to the mass flow rate. It should be remembered that, for this
case, there were no multiplicity of solutions.

In order to pass through this problem, a solution could be to enlarge the optimization
zone to multiple points, or parts of the curves, instead of a single operating point.
By this way, the zone near the point would be taken into account. The aim of this
chapter is therefore to calibrate the model by taking into account a zone composed
of multiple points in the cost function. To do so, the 6 curves composing the
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Figure 5.2: Error on the secondary
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data-set will be firstly re-sampled, by interpolation, in order to be able to take
into account the regions around the points. The purpose of this is to become more
deterministic. Indeed, by making a larger set for the cost function, the optimizer
could make the difference between two good solutions when calibrating for a single
point. That is also why a sorting of solutions will be made at the end of this
chapter.

5.1 Multiple points calibration

5.1.1 Methodology

The data-set is composed of 63 points that belong to 6 different operating curves.
In order to model the whole curves, they are firstly resampled by interpolation
according to the back pressure. To do so, a linear interpolation with the function
interpld from the scipy.interpolate package [39] is made for each parameter of
the data-set. The obtained curves are after resampled with one hundred points
uniformly distributed with respect to the back pressure. In addition to having
information for the parameters everywhere in the parameter space, this resampling
allows to have the same amount of points for each curves. In this way, they
have the same weight in the results. Indeed, the curve composed of 6 points was
underrepresented in the foregoing results compared with the curve composed of 17
points. This is no longer the case in this chapter.
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The calibration is carried out with the same procedure as in chapter 4 with the
exception that the cost function is composed of multiple operating points. The
calibration is done at first for 7, and after for 7, and 74 like in chapter 4. This way
of calibrating has been chosen, at first, with three efficiencies because it was shown
that using two of them was insufficient in terms of accuracy. Moreover, given the
good accuracy and insignificant standard deviation obtained for 7, it is better not
to sacrifice good prediction on something simple as the primary mass flow rate. In
addition to this, breaking the calibration in two parts saves a lot of computation
time, especially for this part of the study where the optimization is made on about
ten times more points than in the previous chapter. Thanks to this, a few hours or
even a day are saved.

The cost functions of the optimization problem are then :

min Y Sy (1) = ||y — myl| (5.1)
Pi=1

xr
i S o1 ) = 12— mal | fma 4 12 = pedl |/10° (5.2)
S =1

In these equations, x represents the number of points for which the optimization
will be made and i is the indice of the point composing the hundred points of the
curve.

The number x of points has to be chosen strategically to find a trade-off between
robustness and accuracy of the solutions. From what has been tested, x=20 has
seemed to be a good equilibrium. In this way, the curves are each cut in 5 and
there are 30 sets of points to optimize, which represents a bit less than the half of
the size of the original data-set. After that, calibration with x=50 has been done
to observe if accuracy could be maintained with as much points. Moreover, by
dividing the curve in two, the separation corresponds more or less to a separation
between on- and off-design, which could be already sufficient.

After this, another way to proceed has been try. First, given that the data-set was
containing 63 points, the choice to take x=10 has been made to divide each curve
by ten and deal with approximately the same amount of calibration points as in
chapter 4. By this way, a good accuracy is ensured. During the process with x=20
and 50, it could have happened that some bad results were found by the optimizer,
because of local minima, while better results were found as well for a same set of
points. Given that some results found by the optimizer are significantly better than
others in terms of accuracy, those better results are only kept after the process for
this step. In this way, the standard deviation of the problematic points could be
decreased to insignificant values. More precisely, when the optimizer has found a
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solution below 5% of error according to the outputs, all the results having an error
above this limit are deleted from the possible solutions. Given that x = 10, the
optimizer is able to find an accurate solution for the vast majority of the set of
points.

5.1.2 Results and comments

5.1.2.1 Calibration with x=20
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Figure 5.3: Scatter plot of the 30 mean values for the efficiencies and parameters
obtained with x=20

The figures 5.3 and 5.4 represent the scatter plots obtained for the 30 calibration
results with x=20. On the mean scatter plot (figures 5.3), it can be seen that
the primary efficiency is relatively constant until the compression ratio 7, or the
entrainment ratio w achieves high values. It should be noticed that this is also the
case with the ratio 74, which means that the value of the primary efficiency tends
to decrease for off-design operating conditions. This last observation has also been
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seen during the process. Another observation that could be made is the quite low
values that the secondary efficiency takes in general.

The standard deviation remains insignificant for the 7, as expected. However, even
if most of their values no longer have variations, there is still a significant part of
the solutions that have unacceptably high standard deviations. As seen from the
ratio mq,, all of these points are off-design as it was also the case at the end of
chapter 4. Nevertheless, proportionally, these results are less numerous.

Figures 5.5, 5.6 and 5.7 represent the accuracy of the results for primary, secondary
and critical pressure respectively. The values are computed according to their mean
values along the 20 points of the curves considered for a solution.

Globally, the model predicts fairly well the outputs. The primary mass flow rate
is almost perfectly estimated, as usual, but the secondary mass flow rate has
sometimes been miscalculated. The horizontal line formed by the bad computed
points indicates that there are multiple combinations for the same set of points.
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Figure 5.6: Error on the secondary mass flow

The higher values of the secondary mass flow rates are nevertheless calibrated with
a good accuracy. It can be observed that some points have a bad accuracy while
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Figure 5.7: Error on the critical pressure

other points which are probably in another combination according to efficiencies
have a good one. These points could cause a rising for the standard deviation for
some results. By deleting them, there should be less standard deviation in the
results.

The critical pressure, as for it, is computed with better accuracy as previously.
Given that one critical pressure corresponds to one curve, This result suggests that
the sampling had a beneficial effect for the calibration of the critical pressure. This
may be due to the fact that, by taking a less restrictive region than an operating
point, points for which the calibration is not accurate are less visible because the
mean value seems correct.

5.1.2.2 Calibration with x=50

The calibration 50 points per 50 points takes half a curve into account in the cost
function. Given that 20 points gave quite good accuracy, 50 has been tried to see if
the standard deviation could be again reduced by taking more points into account.
By this separation, it can be assumed that the first part accounts for the on-design
part of the curve and the second accounts for the off-design operation. In figures
5.8 and 5.9 correlations plots with x=>50 for the means and standard deviation for
the efficiencies respectively are shown.
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Figure 5.8: Scatter plot of the 12 mean values for the efficiencies and parameters
obtained with x=50

On the means scatter plot, not many new links can be observed. Still, it can
be observed that the 7, has a slight linear dependency with the pressure and
entrainment ratios. In the middle values of those, the secondary efficiency seems to
be able to take two different values.

The standard deviation has significantly reduced for 7; compared with the case with
x=20. It remains nevertheless too high for 4 points. This is also and even worthy
the case for ns. It can be seen on the part of the figure which links the standard de-
viation for ny and 7y that these four problematic sets of points are the same for both.

Figures 5.10, 5.11 and 5.12 draw the accuracy for the calibration with x=50. Even
if the critical pressure as well as the primary mass flow rates are well estimated,
taking x=50 is too much as seen from the inaccuracy of the calibration of the
secondary mass flow rate. However, the points with the same ordinates but different
abscissa suggest again that some better solutions than others are found for several
points.
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Figure 5.9: Scatter plot of the 12 means values for the efficiencies and parameters
obtained with x=50

5.1.2.3 Calibration with x=10 and with deletion of less accurate results

Before analysing the scatter plot, several cases observed during the process should
be mentioned. First, the operation conditions for which bad solutions were deleted
the most were for off-design applications and especially when the entrainment
ratio was low. Indeed, it has been seen in the previous results that those regions
contained solutions with bad and less bad accuracy. The deleted solutions are often
corresponding to points at the border of the efficiencies space i.e. with an efficiency
equal to 1.0 or 0.0. This is probably due the fact that a minima is achieved in the
border of the authorized domain from the point of view of the optimizer. Finally,
the bad accuracy results were representing a small part of the solutions of a set
of points (about 10% to 15%). That was however enough to make significantly
change their standard deviation in some cases.

Figures 5.13 and 5.13 illustrate the correlations for the means and standard deviation

for efficiencies respectively. To better understand these results, the accuracy plots
of figures 5.15, 5.16 and 5.17 should be firstly observed. Indeed, it can be seen that
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Figure 5.11: Error on the secondary mass flow

there are several sets of points for which no sufficiently good solutions are found.
Most of these solutions correspond to low secondary mass flow rates. For those, the
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5.1. Multiple points calibration

Difference of critical pressure between Data and Model points
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Figure 5.12: Error on the critical pressure

model predicts a wide variation (often more than 100%) for the secondary mass
flow rate. The standard deviation for the efficiencies is therefore high as well. This
nevertheless raises the fact that the three efficiencies are not enough to calibrate
correctly the set of points with low secondary mass flow rate.

It can be seen on the standard deviation scatter plot (figure 5.16) that this way of
proceeding has been quite successful for most of the points. The standard deviation
remains however high for 7 sets of points out of a total of 60. As stated just before,
these sets are, among others, those for which the secondary mass flow rate is badly
estimated. However, there is still one on-design point which is part of the seven.
On the means scatter plot (figure 5.13), points seem more ordered than in chapter
4. Indeed, efficiencies are showing some dependencies such as curves appearing on
the scatter plot when expressing efficiencies according to pressure ratio mq, and
entrainment ratio.

5.1.3 Conclusion

In this chapter, a calibration by taking into account sets of neighbouring points
instead of points has been made. To do so, three cases have been considered.

First, a case for which the calibration has been made by taking into account 20
per 20 points in the cost function has been carried out. This calibration has shown
sufficient accuracy but still too high standard variation for a significant part of the
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5.1. Multiple points calibration

Scatter plot according to the means
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Figure 5.13: Scatter plot of the 12 means values for the efficiencies and parameters
obtained with x=50

solutions. In the hope of decreasing the standard deviation, the next case has been
to take no longer 20 but 50 points in the cost function. In this case, the curves
were divided only by 2. This process has however given inaccurate results with
still too high standard deviation for some sets of points. Nevertheless, from this
experiment, several conclusions could be gathered. Indeed, the presence of such
high standard deviations, even with 50 points in the cost function, suggests that
multiple solutions exist no matter the size of the region that is taken into account
in the cost function.

More importantly, the combination for some set with bad accuracy and high stan-
dard deviation has raised the question of knowing if it would be these bad solutions
that cause the high standard deviation. Indeed, given that bad solutions were
sometimes found while accurate solutions were found too, a logical choice was to
delete the bad solutions from the results to avoid them from polluting the set by
producing high standard deviations.

The third case was therefore made with 10 points in the cost function and with
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5.1. Multiple points calibration

Scatter plot according to the standard deviations
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Figure 5.14: Scatter plot of the 12 mean values for the efficiencies and parameters
obtained with x=50

deletion of bad results. This last experiment has given quite high accuracy and low
standard deviation except for several problematic points for which the optimizer is
not able to find a sufficiently accurate solution. This case dis also make appear
clearer trends in the means scatter plot.

To go further, as seen with the results of the last case, several paths can be
considered. First, by lowering the limit of what is considered as a good accuracy,
for example to 1%, other less accurate solutions could be deleted. However, it raises
the question of knowing at which accuracy a solution could be considered as good.
Moreover, this would not help to solve the low secondary mass flow rate cases.
Another path could be to consider more points in the cost function, like 20 or 50,
and add an efficiency in the calibration for the previously less accurate points. All
this with the same deletion as before. In this way, the additional efficiency should
brings accuracy while keeping the standard deviation as low as possible with the
deletion and the large number of points in the cost function.
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Figure 5.15: Error on the primary mass flow
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Figure 5.16: Error on the secondary mass flow

To conclude, the results in this part show that it is better to consider a point and
its neighbouring points rather than a single point. The standard deviation has
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5.1. Multiple points calibration

Difference of critical pressure between Data and Model points
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Figure 5.17: Error on the critical pressure

globally decreased while keeping a good accuracy except in the case with x=>50.
The optimizer is however experiencing difficulties for the low secondary mass flow
rates. For these points, they may be either not considered or taken separately with
more efficiencies to be well calibrated. As for the means, even if the trends in the
scatter plots may actually not be sufficient to launch a machine learning model,
the improvements by drawing the links between parameters are encouraging to go
further in this direction.
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Chapter 6

Conclusion and perspectives

In this work, various strategies have been adopted by playing with the efficiencies
and the parameters of a thermodynamic model [1] in order to make this one usable
for a further machine learning model.

In section 1.4 the main questions were asked that this thesis was intended to
respond. In the first part of this conclusion, the achievements of this work will be
presented by answering these questions. This part will be followed by the research
perspectives that could be made in order to continue this work.

6.1 Achievements

The first question was whether multiple combinations of the five efficiencies could
exist with other fixed outputs to predict the mass flow rates. The short answer to
this question is : yes they can! Chapter 3 answered the first question in multiple
ways. It has been proven that the entrainment ratio could be predicted with
multiple sets of efficiencies for an entire operating curve and it was shown as well
that the entrainment ratio alone to calibrate was not sufficient. Moreover when
calibrating for both mass flows and for a single operating point, there were multiple
possible ways to calibrate as well. In addition to that, strong links between n;
and 7, and between nd and 7,, have been discovered. It was also shown that the
primary efficiency was keeping a single solution in both cases.

The conclusions gathered in chapter 3 led to another question : Are there too many
efficiencies defined in the model ? Is each of them relevant ? Followed by a second
question : Are the mass flow rates alone, accompanied by the efficiencies, sufficient
to characterise all the states on the ejector 7 The answer is found in chapter 4.

The answer to these questions are not that obvious. The first part of this chapter
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6.2. Perspectives

has shown that a calibration could be done accurately and without multiplicity
of solutions with only two efficiencies and with a data-set composed of on and
off-design points. This means that, yes there are too many efficiencies defined in
the model but maybe not for all the operating conditions. Indeed, the second part
of the chapter has showed that both same mass flow rates could correspond to
totally different operating conditions. By showing this, the second part of chapter
4 has answered the second question of this chapter. Indeed, the critical pressure is
needed in the outputs to distinguish at least an on-design point from on off-design
point for the optimizer. However, even with this third output, the calibration has
been done accurately with the help of three efficiencies. This chapter has brought
also the fact that the calibration could be done separately for the primary mass
flow rate with the help of only 7,. With this way of proceeding, the calibration
has given more accurate results and has been achieved with less computation time.
Finally, even if each definition of the efficiency is relevant, keeping the five for the
calibration is not. Indeed, by putting arbitrarily the values of 7,, and 7,, to 1.0,
one assumes that there is no friction loss during the mixing and the expanding of
the primary flow which is not the case in a real ejector. Yet, the model can still be
calibrated because the other efficiencies can balance the wrong values.

After the insufficiently satisfying results of chapter 4 about the multiplicity of
solutions came a new question: what impact could taking into account the space in
the vicinity of a point have on the calibration ? This question has been answered in
chapter 5 where this new way of proceeding highlighted limitations of the optimizer
which found inaccurate solutions when better ones could also be found for a same
set of points. In addition to that, it has been shown that taking into account
the point and its neighbours could make the calibration more deterministic while
keeping correct accuracy until a certain limit. Moreover, some correlation has been
observed between parameters and efficiencies found by calibration in this chapter
which encourage the further use of a machine learning model.

6.2 Perspectives

As stated in section 1.4, the first goal of this work was to launch a machine learning
model capable of finding the efficiencies when other input parameters were given
to it. Although this model was not made true, this whole thesis was dedicated to
find a way to be able to launch it by a proper way. Therefore, this section presents
some elements to go further in this work.

In view of the last results of chapter 4 and chapter 5, the way of considering
at first only on-design points could be planned. Given that, the multiplicity of
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6.2. Perspectives

solutions is no longer a problem for those points, by calibration, there could be
clearer correlations appearing with the other parameters of the thermodynamic
model. With these criterions, all the conditions would be combined to be able to
launch an efficient machine learning model for the on-design regime. In addition
to that, if adding an efficiency to the bad accurate points of chapter 4 gives some
encouraging results, the machine learning model could be further expanded for
off-design application with three efficiencies in on-design and four in off-design.

An improvement could be made on the model of Metsue et al. [1] by implementing
also a back-flow mode. In this way, the case for which the entrainment ratio
approaches zero would no longer be problematic.

Finally, another way to proceed could be to consider a calibration with the help of
CFD results. In this way, one could extract the information of local phenomena
as well as velocities pressures etc. In this way, the efficiencies could be obtained
with their own formulas. There would be therefore only one single possible set
of efficiencies. By collecting a sufficient amount of CFD simulations, a machine
learning model could finally be launched. However, this approach would be costly
due to the CFD simulations required.
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Appendix A

Ejector dimensions

A.1 Ejector geometry for Mazzeli et. al experi-

ment
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Figure A.1: Dimensioned drawing of ejector used for experiments [37]. All dimen-
sions are in mm.

76



Appendix B

Flowcharts of the model of Metsue
et al [1] for on-design and
off-design operations
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