UNIVERSIDADE DE SAO PAULO - USP
ESCOLA DE ENGENHARIA DE SAO CARLOS - EESC
DEPARTAMENTO DE ENGENHARIA MECANICA - SEM

ECOLE CENTRALE DE NANTES

MATHEUS RAPOSO DE ALMEIDA

EVALUATION OF HEAT TRANSFER PHENOMENA IN A TURBO
CHARGER USING ARTIFICIAL NEURAL NETWORKS

Séao Carlos
2018






MATHEUS RAPOSO DE ALMEIDA

EVALUATION OF HEAT TRANSFER PHENOMENA IN A TURBO
CHARGER USING ARTIFICIAL NEURAL NETWORKS

Undergraduate thesis presented to the
course of Mechanical Engineering of
the University of S&o Paulo, as part of

the title of Mechanical Engineer

Advisor: Prof. Dr. Luben Cabezas Gémez,
Prof. Dr. David Chalet,

Prof. Dr. Georges Salameh

Sao Carlos
2018






| AUTHORISE THE TOTAL OR PARTIAL REPRODUCTION OF THIS WORK, BY ANY
CONVENTIONAL OR ELECTRONIC MEANS, FOR EDUCATIONAL AND RESEARCH
PURPOSES, AS LONG AS THE SOURCE IS REFERENCED.

R219e Raposo de Almeida, Matheus

Evaluation of heat transfer phenomena in a turbo
charger using artificial neural networks / Matheus
Raposo de Almeida; advisor Luben Cabezas Gémez.
Séo Carlos, 2018.

Undergraduate thesis (Mechanical Engineering) —
Escola de Engenharia de S&o Carlos da Universidade
de S&o Paulo, 2018.

1. Artificial Neural Networks. 2. Turbo Chargers. 3.
Heat Transfer. 4. Thermal modelling. I. Title.




FOLHA DE AVALIACAO

M%‘f/\ﬂws %a/ oo Ho AQW a_

Candidato.

TitulojCW__CAofﬁlow QP [\Mﬂ( fyms%’e/\,j;/:—%o dtan @ Cile

8 Lol il woghh, wieiwg Otts oisd vk il waturesle

Trabalho de Conclusao de Curso apresentado a
Escola de Engenharia de Szo Carlos da
Universidade de S2o Paulo

Curso de Engenhariz

BANCA EXAMINADORA

4
Professor (wétw Cm éfﬁf»s éo:uoz

(Orientador) 22 E
Nota atribuida: /10 ( D@‘Z )

v

(assinatura)

Professor Glum/w/w@?z [9"‘_!’_"2{"&‘ p/

Nota atribuida: (0 ( F@__Z_ ., T
: (assinatura)
[caqgp Awg,u,s%o Mo reiio V /,‘:
d ™ ; | \\
Nota atribuida: 10 (D EZ ) ‘_,/“»(‘A(V‘:]@’
(assinaturay
vedia: (0 ( Dez )

Resultado: /‘( f’bﬁv e«ﬂ o

Data: 112 1 2018 .

Este trabalho tem condicdes de ser hospedado no Portal Digital da Biblioteca da EESC

"

SIM M NAO [J Visto do orientador




ACKNOWLEDGEMENTS

To the professors from the Ecole Centrale de Nantes, Dr. Georges Salameh and Prof. David
Chalet, and my undergraduate thesis tutor, Prof. Dr. Luben Cabezas Gomez, from the Thermal
and Fluid Engineering Nucleus at the University of Sdo Paulo, for their availability and their
contributions to my reasoning all along this project.

To my colleague, Léo Le Roy from the Ecole Centrale de Nantes, for the long discussions and
work on the physical model of this project.

To Prof. Dr. Roseli Aparecida Francelin Romero, responsible for the ‘Neural Networks’
graduate course at the Institute of Mathematical Sciences and Computing of the University of
Séo Paulo.

To the constant support of friends and family, for the discussions and insights along all these
years.

To the University of S&o Paulo, for not only providing precious teaching, but also for the
opportunity to experience a Double Degree abroad. In that matter, a special thank you to the
Ecole Centrale de Nantes, where the motivation for this project started.



ABSTRACT

RAPOSO DE ALMEIDA, M. (2018) Evaluation of heat transfer phenomena in a turbo
charger using artificial neural networks. Undergraduate Thesis — Departamento de
Engenharia Mecéanica — Escola de Engenharia de Sdo Carlos, Universidade de Séo Paulo.

Due to the current tendency to downsize motors, supercharging has become inevitable to
maintain engine performance at high levels. The turbo charger not only offers more power to
the engine, but it also responds to the environmental norms in perpetual evolution. An often-
overlooked phenomenon taking place in a turbo charger are potential heat losses, which occur
due to the high inlet turbine temperatures. These heat exchanges influence the turbo charger’s
efficiency considerably, and ultimately degrades the engine’s performance. It is thus of innate
interest of the manufacturer to evaluate and quantify these heat exchanges, in order to optimize
turbo chargers. The challenges are numerous: complex geometry, difficulty evaluating
convection coefficients and difficulty measuring parameters. To overcome these barriers, and
the problem being of high complexity and with noisy and/or fuzzy experimental data, the
application of neural networks is suggested. A Multi-Layer Perceptron is trained on a database
and real turbo charger efficiencies are approximated with an easy-to-use computer application.

Keywords: Artificial Neural Networks (ANNs); Turbo charger; Heat Transfer; Thermal
modelling.
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1. Introduction

Due to the current tendency to downsize motors, supercharging has become inevitable to
maintain engine performance at high levels. The turbo charger not only offers more power to
the engine, but it also responds to the environmental norms in perpetual evolution.

A turbo charger is a mechanical device used in internal combustion engines to tune up
performance, by allowing the engine to intake compressed air, to inject more fuel and ultimately
provide more torque to the axle.

The conception of a turbo charger requires a good apprehension of the physical phenomena
which take place within it. The study of heat transfer is therefore important due to the presence
of high-temperature exhaust gas entering the turbine and will lead to a better comprehension of
the global functioning of this device.

To predict performance, turbo charger manufacturers offer the so-called “design charts”, curves
which form the efficiency field for the turbo charger under adiabatic conditions for several
operating conditions. One such design chart is visible on Figure 1.
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Figure 1: turbo charger design chart. Efficiency ellipses, wheel rotation speed parabolas, corrected
air flow in the horizontal and compression ratio in the vertical. [26]
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In fact, under the hypothesis of an adiabatic behavior, the absence of heat transfer results in the
work provided to the compressor being equal to the work given to the fluid. Unfortunately, this
hypothesis proves itself wrong under the usual operation conditions, as the exhaust gas entering
the turbine volute easily reaches 600°C against the ambient-temperature gas flow which
penetrates the compressor. Therefore, a logic formation of temperature gradients along the turbo
charger is presumed (Figure 2).
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Figure 2: Visualization of the temperature distribution along a turbo charger using the finite element
analysis. (M. Cormerais [2])

Due to the high complexity and non-linearity of the turbo charger heat exchange mechanism,
the application of a machine learning algorithm is justifiable. In fact, a so-called “neural
network”, if appropriately trained, may be able to predict the performance parameters for any
turbo charger under any condition.

According to Simon S. Haykin’s book “Neural Networks: A Comprehensive Foundation” [15],
an “ANN is a massively parallel-distributed processor, made up of interconnected simple
processing units, which has a natural propensity to store experiential information and to make
it available for use. It resembles the brain in two respects: i) knowledge is acquired by the
network from its environment through a learning process. ii) interneuron strengths, known as
synaptic weights, are used to store the knowledge.”

Artificial Neural Networks are inserted in the much wider category of Machine Learning, which
dates to the rudimentary 200-year-old linear regression method. It only evolved into neural
networks in 1958, with Frank Rosenblatt’s Perceptron algorithm. The psychologist developed
a simplified algorithm to model the way brain neurons operate (Figure 3). Figure 4 contains a
simplified model of an artificial neuron. The Perceptron, alongside the foundational work of
the psychologist Donald Hebb, allowed machines to actually “learn”, taking inspiration from
Hebb’s Rule:

RAPOSO DE ALMEIDA, M./Undergraduate Thesis 16
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“When an axon of cell A is near enough to excite a cell B and repeatedly or persistently takes
part in firing it, some growth process or metabolic change takes place in one or both cells such
that A’s efficiency, as one of the cells firing B, is increased.” [D. Hebb, 1949] [22]

Axon of neuron that
sends information

Synapse

]

Dendrite

Dendrite of neuron that
receives information

Soma

o

Axon Dendrite

Synapse¢ ———»

Figure 3: a simplified model of a biological neuron. [25]

HO—%\ Soma —(O——>

%—ACTIVATION FUNCTION Axon

Synapses

Figure 4: a simplified model of an artificial neuron. [25]

ANNSs have since been extensively developed, and the now so-called deep learning methods
occupy the most successful technology companies worldwide.

RAPOSO DE ALMEIDA, M./Undergraduate Thesis 17
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1.1 Objectives

This work’s main objective is to develop a simple-to-use tool to predict turbo charger real
operating efficiencies and heat losses. For this purpose, a theoretical model based on physical
models will be developed to the extent of the model’s efficiency and applicability. As for the
domains for which the physical model is inconsistent, namely on the evaluation of heat
convection coefficients, an artificial neural network will be trained to ‘learn’ to evaluate the
desired outputs from experimental data.

The model is intended to be generalized, but the experimental data available comes from tests
performed on a single turbo charger. The code’s structure shall nevertheless allow for
customization and application on various turbo charger geometries and experimental datasets.

1.2 Structure

The structure of the present work is divided as to present in the most linear way the physical
modelling developed, in the following order:

- Chapter 2: basics of turbo chargers and artificial neural networks are provided.

- Chapter 3: bibliographical evidence of the state-of-the-art is presented, along with theoretical
references, to guide the thought process and set the basis of knowledge for the model.

- Chapter 4: geometrical characteristics of the turbo charger used for experiments are given.
- Chapter 5: the physical model developed is detailed for each part of the turbo charger.

- Chapter 6: the choice of the heat exchange coefficients is explained.

- Chapter 7: efficiencies calculated are defined.

- Chapter 8: results are presented for the initial model and an optimization is suggested.

- Chapter 9: application of the artificial neural network. The results are presented and
commented, comparing its performance and application to the original model and to other
applications of neural networks in mechanical engineering.

RAPOSO DE ALMEIDA, M./Undergraduate Thesis 18
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2. Turbo charger and ANN basics

2.1 Turbo Chargers

The turbo charger’s principle of functioning has practically remained unchanged since its
invention by the swiss engineer Alfred Buchi in 1905. The turbo charger is made up of a
compressor and a turbine connected through a rotating axis (Figure 5). The axis is supported by
ball bearings, lubricated and cooled off by flowing oil. The turbine is propelled by the
combustion chamber’s hot exhaust gases, which in turn rotate the compressor, allowing the
motor to intake more air and inject more fuel into each stroke.

TURBOCHARGER

TURBINE

COMPRESSOR EXHAUST
AIR DISCHARGE GAS OUTLET
COMPRESSOR
HOUSING
TURBINE
WHEEL

TURBINE
EXHAUST
GAS INLET

COMPRESSOR
WHEEL

TURBINE
SECTION

COMPRESSOR
AMBIENT AIR
INLET

Figure 5: simplified turbo charger composition. (Eagle Ridge) [21]

The adiabatic efficiency of a compressor is usually defined as:

WLS
Nis = W (2.1)

The hypothesis of adiabatic functioning allows the reformulation of the efficiency as follows:

Tyis—Th
-7

W=AH so: ni = (2.2)

RAPOSO DE ALMEIDA, M./Undergraduate Thesis 19
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Considering the non-adiabatic phenomena leads to reformulating the compressor efficiency,
considering the heat lost by the compressor, coming from the turbine:

WLS
Misc = Trq> (2.3)

where Q is the heat lost by the compressor

P. Chessé et al. [6] highlight the influence of the inlet turbine temperature to the compressor
efficiency by taking similar operational points. Figure 6 puts in perspective different inlet
turbine temperatures and the corresponding compression ratios by mass flow. As a rule, the
compressor has more difficulty applying its work onto the air flow at high intake. The different
efficiency curves in function of the inlet turbine temperature may be withdrawn from Figure 7.
Their method is explained more in detail under the “3. Bibliographic Study: characterization of
the non-adiabatic performances of a turbo charger” section of this report.

Compression ratio=f(corrected flow rate)
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Figure 6: Evolution of the compression rate as a function of the corrected mass flow for several inlet
turbine temperatures.

Evolution of compressor efficiency for various turbine inlet
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Figure 7: compressor efficiency as a function of the compression rate for several inlet turbine
temperatures.
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Using the same logic, the overestimation of the performances of the turbine under the adiabatic
hypothesis may be acknowledged:

LH-Q (2.4)

77is,T = Wiem’
1s,T
where Q is the heat lost by the turbine, with negative sign

The heat exchanges which take place within a turbo charger are simplified on Figure 8.

s Conduction heat transfer
Convection heat transfer
o> Radiation heat transfer
C———> Heat transfer to the oil

Ex====5p> Heat transfer to the cooling water
(water cooled turbochargers)

<G===> Heat transfer between the . 2
compressor and the oil
Heat transfer between the g
. Y

turbocharger and the engine
block

Figure 8: mechanisms of heat transfer in/from the turbo charger. (Shaaban, p.12) [8]

The gaps between real operation and designer charts’ predictions result from the errors in the
forecasting of the performances of the turbo charger due to heat loss. The work presented here
will try to humbly quantify the heat transfer not considered by the designers to refine the
performance prediction for this device.

RAPOSO DE ALMEIDA, M./Undergraduate Thesis 21



’ RAPOSO DE ALMEIDA, M./ Evaluation of heat CENTRALE
‘ ! EESC - USP transfer phenomena in a turbo charger using NANTES

scola de Engenharia de So Carlos GrtIfICIG/ neura/ netWOI’kS

g
Iniversidade de Sdo Paulo

2.2 Artificial Neural Networks (ANNS)

Different network architectures are used to solve various problems with the ANN methodology,
of two main categories: classification and approximation. The latter will be the one developed
in this project. To solve both these problem types, the Multi-Layer Perceptron (MLP) network
is of simplest application among ANNs and mainly addresses the solution of nonlinear
behavioral problems, such as the one approached here.

The MLP is a feed-forward ANN, which means it takes an input and calculates an output, going
through successive calculation layers. This algorithm can map a set of input data to a set of
appropriate outputs.

Activation
Function

Summation

=
—

nip;

nip,

J \ J
AV N hvd
Input Layer Hidden Layer Output Layer

weight adjustment

Figure 9: architecture of an MLP ANN. [14]

The MLP structure is mainly composed of three layers: input, hidden and output (Figure 9).
The hidden layer is where the inputs are processed within the weights with the predefined
nonlinear activation function (usually a sigmoid, but special for the turbo charger application,
as explained on section “9. Correction of the convection coefficients using an artificial neural
network”. Every example or occurrence fed into the network is called a pattern and noted “p”.
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It is said that a neural network has completed an “epoch” when it has updated every weight
element for every instance from the input.

The MLP algorithm is built as follows:
1) Initialization: the weights are initialized to random values near zero.
i) Training [16,17,18,23]:
Repeat:
Take a new pattern p of x; inputs at random, with the corresponding desired output.
- Present the pair (X, ti) to the network.
- Calculate the hidden layer’s output and then the final output (feed forward
calculation step), then activate it with the activation function.
- Calculate the mean squared error (MSE).
- Update weights, starting from the output layer.
Until the MSE is inferior to a tolerance (tol1) or the number of maximum epochs is
reached.
i) the network is used to approximate or classify a pattern.

The mean squared error is defined as:

= =%ty — ¥p))? (25)

where tp; and yp; represent the expected and calculated outputs for the ‘p’ pattern at the j-th
neuron

The weight update is usually defined as:

where wij is the weight between the current layer’s i-th neuron and the next layer’s j-th neuron,
1 is the learning rate and E, is the mean squared error.

For training, any standard numerical optimization algorithm can be used to optimize the
performance function. Beale stated [18], “there are a few key ones that have shown excellent
performance for neural network training in which these optimization methods use either the
gradient of the network performance with respect to the network weights or the Jacobian of the
network errors with respect to the weights. The gradient and the Jacobian are calculated using
a technique called the back-propagation algorithm, which involves performing computations
backward through the network.” When the error reaches a previously determined tolerance
value, the training process is stopped [19].

The gradient descent method is used for this work and it is evaluated according to the following
equations:
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For the output layer:

0E
Wii = 5pj'ypi where: 6p] = —(th - yp])ypj (1 - yp]) (27)

For the hidden layer:
0Ep _

P Zk(apkwkj)'ypj' (1 - ym')'yz?i (2.8)

ow ji
To accelerate training, a momentum term (o) may be applied to the error term:

. OE
wij(k+1) = w;(k) = nXioa™t =L

aWji

(2.9)

w(k)
This reinforces the weight update in the desired direction. The parameter alpha must be inferior
to the unity and positive to ensure training convergence.

A common issue regarding network training is gradient vanish near local minima. To avoid this
problem, the learning rate “n” and the momentum term “a” are decreased to a minimum value,
low enough to stabilize learning and avoid divergence. A decay rate, noted “alph” here, is

applied to these parameters after every epoch of training.

Both on hidden and output layers, activation functions are applied to optimize training. A
commonly used activation function is the SoftMax:
ex—max(x)

softmax(x) = W

(2.10)

This function returns a vector containing elements positive and inferior to the unity, with sum
equal to the unity. The originally large values become closer to the unity and the smaller ones
are reduced to close to zero.

The activation function is the most relevant challenge this work tries to surpass. As a custom
activation function is needed, no pre-programmed and encrypted machine learning libraries
may be used, such as TensorFlow and Keras on Python or Matlab Neural Network library, so
the algorithm must be entirely written from scratch. A custom activation function will be
responsible for taking the convection coefficients, applying them to the physical model of the
turbo charger, and returning its efficiencies.

According to Oztemel [17] “the information that is produced during this process is measured
and stored within these adjusted weights and it’s hard to reveal and interpret this information.”
During these processes, the ANN learns the underlying function/physics of the system, while
the results of the ANN learning are adjusted weights that could be used to accurately
approximate the underlying function/physics of the system [20]. After the learning step, the
network is tested with a different data set than that which was actualized before, and the
performance of the network is analyzed [17].
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Training is usually performed on a subset of the input data, called the training set. The
percentage of the data commonly used if 75% for training and 25% for validation. The
validation step takes the trained weights and evaluates the network’s outputs, comparing them
to expected ones, which gives a performance parameter.

When the weights are trained, the network may be used to predict output for an individual input.

RAPOSO DE ALMEIDA, M./Undergraduate Thesis 25



RAPOSO DE ALMEIDA, M./ Evaluation of heat CENTRALE
! EESE USP transfer phenomena in a turbo charger using NANTES

usL

artificial neural networks

3. Bibliographic study: characterization of the non-adiabatic
performances of a turbo charger

Several works have been carried out with the goal to analyze the non-adiabatic performances
of turbo chargers. This section will present and explain the advantages and disadvantages of
some of the proposed methods, enabling the choice of one model over the others. This model’s
hypothesis and conditions will be further explained at the end of the section.

3.1 Proposed methods

A mechanical method was proposed by P. Podevin et al. [9] by measuring the torque on the
central axis with a torque meter. This model, which aims to characterize the performances of
turbo chargers based on heat loss, will not make use of such method, because a torque meter is
not available.

G. Tanda et al. [10] suggests evaluating heat transfer by using infrared cameras, which would
allow obtaining temperature gradients, as well as surface temperatures. This method, although
interesting, is not accessible for this project’s budget.

In order to quantify heat transfer, Bohn et al. [ 7] developed an approach using a meshing of the
turbo charger. The turbo charger is divided into two parts: a solid part, on which Fourier’s
equation is solved and a fluid part, on which Navier Stokes’ equations are solved. The
temperature limiting conditions were set using images taken with an infrared camera and
measures from thermocouples installed on the equipment’s surface.

This method uses a rather fine mesh (40 million points), of great complexity, therefore it has
not been retained for this project, as the goal here is to develop a simple and practical method
to evaluate heat transfer in any turbo charger.

P. Chessé et al. [6] presented a method of correlation based on experimental results anticipating
the influence parameters on heat transfer. Based on these tests run on cabin-temperature inlet
flow, the isentropic efficiencies were calculated for the functioning points given and reused to
calculate the heat transfer for the tests on higher temperature inlet flow. Once the correlations
were obtained, the model proves itself rather efficient, although it does not consider heat
transfer at a theoretical level.

Despite the convincing results, this project shall not use correlations of such type, too specific,
given the goal to develop a replicable model for other turbo chargers.

Even without retaining the methods employed by Chessé et al. [6] and Bohn et al. [7] to
determine heat transfer, a description of the heat exchanges along the turbo charger (Figure 10)
will be used, and it is presented in the following paragraphs.

The turbine is the source for all the mechanical power and heat, from which a part is dissipated
to the outside and another part feeds and heats up the compressor. The different components
will exchange heat with the exterior in the form of radiation and convection. The power balance
for each component will be detailed in the section “5. Physical Model”.
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Figure 10: model presented by P. Chessé et al. [6], Bohn et al. [7].

M. Cormerais [2] suggests a model of resistances for the transfer emanating from the turbine.
The first resistance is the turbine plateau, where the heat splits towards the oil and the central
body. It then reaches the compressor plateau’s resistance and is delivered to the compressor.
The resistance diagram is represented on Figure 11.

|

Convectior J{Convectior Convection

iConvection -»L. Convection

turbine C
T = il .l - ol ompressor
Turbine 4 plajean ™€ Central Body P LLatean

Compressor

A

Figure 11: resistance model suggested by M. Cormerais [2].

Instead of using the resistance method as suggested, only the division setting will be used on
this project. That is, the turbo charger will be decomposed into 5 parts: turbine, turbine plateau,
central body, compressor plateau and compressor, with limiting conditions between each one
of them, making it possible to determine the 1D temperature evolution function along the turbo
charger axis. The equations to determine this evolution function will also be borrowed from M.
Cormerais [2] and detailed under the section “5. Physical Model”.
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3.2 Applications of Artificial Neural Networks (ANNs) in Mechanical Engineering

Kalogirou SA et al. [25] gathers and implements several applications of artificial neural
networks on energy systems, ranging from the starting-up of the solar steam generating plant at
an optimal energy-saving time to a long-term performance prediction of solar domestic water
heating systems. For the computational resources available at the time of the article (2001), the

results are rather remarkable.

In 2013, O. Ozener et al.
performance parameters of a turbo charger diesel engine. In their methodology, they use a
Multi-Layer Perceptron network with three layers, achieving reliable training results. Table 1
contains the parameters modelled and the results obtained with their work.

[14] have applied an ANN to predict engine emissions and

Output Training Validation Testing ALL NN*
R MSE R MSE R MSE R MSE

CO; 0.9999 | 1.6E-17 | 0.9959 | 2.3E-1 | 0.99836 | 9.6E-1 | 0.9979 | 6.0E-1 | 13
co 0.9992 | 3.8E-3 0.9938 | 3.3E-2 | 0.99442 | 1.2E-2 | 0.9969 | 1.2E-2 | 5
NOy 09999 | L.OE-2 | 09898 | 5.6E-2 | 0.99896 | 5.9E-2 | 0.9994 | 8.5E-2 | 14
FSN 0.9999 | 44E-6 | 09668 | 4.7E-3 | 0.96424 | 49E-3 | 0.9982 | 2.0E-3 | 16
THC 0.9463 | 1.6E-1 0.7307 | 3.4E-1 | 0.73600 | 3.2E-1 | 0.8494 | 2.4E-1 | 13
Torque 09999 | 4.1E-2 | 09996 | 1.2E-2 | 0.99957 | 1.9E-2 | 0.9998 | 8.4E-1 | 14
Power 0.9999 | 4.5E-3 0.9999 | 2.4E-2 | 0.99984 | 6.7E-2 | 0.9993 | 2.7TE-2 | 7
BSFC 0.9999 | 1.9E-5 0.9990 | 1.3E-2 | 0.99757 | 3.6E-2 | 0.9992 | 1.3E-1 | 11

Table 1: Artificial neural network application on diesel engines, to predict performance parameters.
‘R’ stands for regression, NN for the number of neurons at hidden layer and ‘MSE" is the mean
squared error. O. Ozener et al. [14]

No applications of neural networks to turbo charger performance prediction have been recorded

to this date.
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4. Geometrical Characteristics of the turbo charger

This model will focus on the turbo charger K9KGENS, analyzed on G. Salameh’s doctorate
thesis [1]. Figures 12, 13 and 14 contain the geometrical characteristics employed. In order to
better represent the turbo charger, some additional measures were taken/estimated and are
shown on Tables 2, 3 and 4.

Compressor’s volute’s outlet diameter
111 Compressor’s plateau’s external diameter
25 Compressor’s inlet pipe length
102,44 Compressor’s outlet pipe length, from the volute’s spiral
50 Compressor’s inlet pipe external diameter
36 Compressor’s inlet pipe internal diameter

Table 2: measures taken using a caliper for the K9KGENS turbo charger’s compressor. [1]

Figure 12: compressor component for the KOKGENS5 turbo charger.

Central Body external diameter
41,1 Central body length (without the plateaus)
10,1 Plateaus’ thickness
10 Central axis diameter
11 Central body internal diameter

Table 3: measures taken with a caliper on the central body of the K9KGEN) turbo charger. [1]
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Figure 13: turbine component from the K9KGENS turbo charger. [1]

De T 35 Turbine volute’s inlet pipe diameter
L_entrée_volute 45 Turbine volute’s inlet pipe length
L_sortie_volute 60,6 Turbine’s outlet pipe length

L_sortie_volute_totale 130 Turbine volute total length (from plateau to outlet)
D_moyen_ext T 58.9 Mean diametrt)alraf[J(;c ;SZ ggc;}r}r;eéru){[ Ité?t;\)l\ilsgn the turbine
D _PT 40 Turbine plateau diameter
Ds PT 46 Turbine plateau external diameter

Table 4: measures taken with a caliper from the KIKGENS turbo charger’s turbine. [1]

From the given values and measures, it has been possible to calculate the geometrical
parameters of interest to the model: the perimeters (Table 5) and the surfaces (Table 6).

P h 12,6 Perimeter of the oil flow section
P_ext_PT 125,7 Turbine plateau external perimeter
P_ext_cc 125,7 Central body external perimeter
P_ext PC 348,7 Compressor plateau external perimeter

Table 5: perimeters of interested calculated for the KIKGENS turbo charger. [1]
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A cc 12441 Central body cross section

A_h 12,6 Oil flow cross section
A ext T 29003,2 Turbine volute external surface

A PT 1256,6 Turbine plateau cross section
A ext _cc 5164,8 Central body total external surface

A PC 9676,9 Compressor plateau cross section
A ext C 21610,5 Compressor volute total external surface
A ext PT 1269,2 Turbine plateau total external surface
A ext PC 3522,0 Compressor plateau total external surface

Table 6: surfaces of interest calculated for the KIKGENS turbo charger. [1]

The turbine volute total external surface was assimilated to a union of two intersecting cylinders:
one at the air inlet and the other at the outlet. On the first, a constant mean diameter was
estimated, based on the different diameter measures taken along the volute.

35mm

46 mm

Figure 14: elementary measures of the K9KGENS turbo charger’s fixed-geometry turbine. [1]

These values are filled out in an MS Excel sheet named ‘Geometrical Data.xIsx’ and imported
by the Python program to run the ANN, which makes possible the generalization of the model.
To apply it to another turbo charger, just update this worksheet and provide new experimental
data.

RAPOSO DE ALMEIDA, M./Undergraduate Thesis 31



i RAPOSO DE ALMEIDA, M./ Evaluation of heat CENTRALE
\ EESC - USP transfer phenomena in a turbo charger using NANTES

Escola de Engenharia de Sao Carlos

Unvretdaco do S50 oo artificial neural networks

5. Physical Model

The model presented here has the goal to quantify the heat transfer taking place during the use

of a turbo charger, by means of experimental data. On Table 7, the experimental input data is
detailed.

T Ce Compressor inlet gas temperature
T Cs Compressor outlet gas temperature
T Te Turbine inlet gas temperature
T Ts Turbine outlet gas temperature
T h Lubrication oil inlet temperature
Tp_ext C volute Compressor external wall mean temperature
Tp_ext T _volute Turbine external wall mean temperature
Dm T Turbine gas flow
Dm_C Compressor gas flow
Dm h Oil flow
Régime AXis rotating speed
Text Cabin temperature

Table 7: model’s input data.

This input data is given for 3 different experimental settings according to G. Salameh’s [1]
Doctorate’s thesis on the turbo charger presented on “4. Geometrical Characteristics of the turbo
charger™:

- Cold test

- Test with inlet turbine temperature at 300°C

- Test with inlet turbine temperature at 580°C

A model previously employed by P. Chessé et al [6] is used to describe the different energy
exchanges along the turbo charger and is presented on Figure 10. Based on this model, a
simplified diagram was developed to express the thermal exchanges between the turbo
charger’s different components. Figure 15 contains this diagram, as well as the notation which
will be used for the rest of the project.

Qext_PC
- Qext_C
t 4
Qext_T
Qext_PT Qext_cc
T QpPCC
PC | » Compressor
Q_T_PT Q_cond_PT Q_cond_PC
> Central Body —»
QH

Figure 15: diagram of the modelled heat exchanges.
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The different hypotheses are presented hereafter, as well as the modelling and the power balance
for each part of the turbo charger. The evaluation of the physical data required (convection,
radiation and conduction coefficients) will be detailed in the following section.

NOTE: For practical reasons, all power variables are considered positive disrespecting
thermodynamics’ conventions. The same applies to the model’s Python code.

5.1 Interfaces Turbine / Turbine Plateau/ Central Body

By expanding the exhaust flow, the turbine transmits a mechanical power to the axis. It is the
turbo charger’s hot spot. Therefore, it transfers heat to the other parts of the turbo charger and
towards the outside and will never be considered receiving heat on this model. The turbine
plateau will be attached to the central body block and will not be considered as a part of the
turbine block. The turbine block will be considered at constant temperature, the mean of the
input and output temperatures. The turbine plateau will follow a temperature 1D evolution
function calculated from the power balance on the elementary cutaway presented.

Figure 16 shows a small enough element on the length of the turbine plateau, and its

corresponding heat exchanges. All its heat is conducted from the turbine, a small portion is
dissipated on its walls, and some of the original heat is conducted towards the central body.

dQext_PT

da_PT(x) dQ_PT (x+dx)

Figure 16: diagram of the elementary cutaway of the turbine plateau. The heat exchanges in blue
represent conductions and the ones in green a natural convection.

The heat transfer mechanism from the turbine up to the turbine plateau is represented on Figure
17. The heat coming from the turbine’s mean flow is partly dissipated on the volute external
walls and partly transferred through forced convection to the turbine plateau.

On the turbine plateau, the heat initially from a forced convection is the conducted to the other
end, part of it being dissipated on the external walls.
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Qext T

Qext_PT

QTPT Q_cond_PT

Y

Figure 17: representative diagram of the interface Turbine / Turbine Plateau. The heat in blue
represents a conduction, and the ones in green natural convections, being those in red forced
convections.

The total turbine power is the sum of the useful power (Pamre 1) and the heat dissipated:
Pt =Dmt. Cp1. ATT = Parbre 7+ Q1 PT + Qext T (5.1)

where the heat dissipated on the volute walls is radiative and naturally convective:

Qext 7= Qne 1 + QrT (5.2)
an,T = hext_T- Aext_T- (Tp_ext_T_volute - Text) (53)

4
QRT = S-G-AeXt_T- ((Tp_ext_T_volute) - (Text)4) (5-4)

The heat transfered at the interface with the turbine plateau is defined as a forced convection
between the mean turbine flow temperature and the temperature at the extremity of the turbine
plateau:

QT_PT = hT_PT.APT.(Tmoy_T —Tper (0)) (55)

According to M.Cormerais’s doctorate thesis [2], the temperature for each part of the turbo
charger may be defined as the solution of a second order differential equation. Three equations
are thus defined, for the turbine plateau, the central body and the compressor plateau. The first
of these is defined as:

Ter = Cr.eVe - X+ Cpe V- X 4 Toy (5.6)
where a;= h‘”‘tﬂﬂ (5.7)
ApT

and C: and C; are constants to be defined.
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5.1.1 Limiting Conditions

A balance of the heat flow source is considered.

All the heat coming from the convection of the mean turbine flow crosses the volute walls and
the turbine plateau (Qt ToT), turning partly into radiation on the turbine plateau surface (Qrr)
partly into conduction towards the turbine plateau (Qcond_pT) and partly into natural convection
on the external wall of the turbine plateau:

Qr_tor = Qne_1 + QRT + Qcond_pT (5.8)
hr pr . Avtor. (TmoyT - TPT)| XPT=0 =
hext_T- Aext_T- (Tp_ext_T_volute - Text)

te. G-AGXI_T- ((Tp_ext_T_volute )4 - (Text) 4)

anT

A ATPT = |xPT=0 (5.9)

QRT  Qnc T

Qcond_T
—>

Figure 18: heat transfer diagram considering the limiting condition on the interface turbine/turbine
plateau.

The conductive heat transfer at the end of the turbine plateau is entirely converted into a
conductive heat flow in the central body (Figure 18):

ox

ach

xpT=e Plo = - A . Acc . s |Xcc=0 (5.10)
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The temperature continuity must be assured at the interface between the turbine plateau and the
central body:

Tpr |xpr=c pio = Tee Ixcc=o0 (5.11)

5.1.2 Hypothesis

— Qr pr : for the heat transfer from the turbine towards the central body, a conductive exchange
will be considered with the turbine plateau (the part in total contact with the central body). For
this calculation, the mean gas temperature inside the turbine will be used (evolution function
previously described), as well as a convection coefficient and an exchange surface (Apr), which
was evaluated under the section “4. Geometrical Characteristics of the turbo charger”.

— (Qnc, Qr)c: as for the convective and radiative exchanges, the external surface of the volute
and its mean temperature shall be considered. For this purpose, G. Salameh [1] measured two-
point temperatures on this external wall during his experiments. An emissivity value as well as
a convection coefficient will need to be evaluated.

5.2 Central body and interface central body / compressor plateau

The turbine and compressor plateaus compose the central body block, but the oil as well as the
axis will be excluded. The temperature gradient being primarily important in this part of the
turbo charger, the temperature will follow a one-dimensional law along the axis and will be
determined by a balance on the elementary cutaway of the central body.

Figure 19 shows a cutaway element on the length of the central body, and its corresponding
heat exchanges. All its heat is conducted from the turbine plateau, a small portion is dissipated
on its walls, a fair amount is dissipated by the contact with the oil, and finally some of the
original heat is conducted towards the compressor plateau.

dQext_cc

dQcc (x) dQcc (x+dx)

da_H
_I_I_I I_I_I_I__

Figure 19: diagram representing the elementary cutaway of the turbine plateau. The heat exchanges
in blue represent conduction, the exchange in green a natural convection and the one in red a forced
convection.
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The heat transfer mechanism from the central body to the compressor is represented on Figure
20. The heat coming from the turbine plateau is partly dissipated on the central body and partly
conducted through to the compressor plateau. Here again some of the incoming heat gets lost
on the external walls and a part is transferred through to the compressor mean flow.

Qext_PC

T

Qext_cc

T

PC

Q cond PT Q_cond_PC
——» Central Body ———»

|

Q_H
Figure 20: diagram representing the central body. The heat exchanges in blue represent conductions,
the one in green a natural convection and the one in red a forced convection.

The heat transferred by the contact with the oil may be expressed as the sum of the elementary
contribution of the forced convection with the flow perimeter (Pn):

Qu = [} A Py (T (x) — Tp). dx (5.12)

An analogous sum is used to evaluate the heat dissipated on the central body’s external walls

(Qextﬁcc) .

The second solution proposed by M.Cormerais [2] regards the central body’s temperature
evolution law and is expressed as:

Tec = Cg.e‘/“_z' X4 C4.6_\/a_2' Y+ A (5.13)

Where a2: hh-Ph+f;ezt,cc-Pext,cc (514)
ACC

and A= hpn.Pp.Ththext cc-Pext_ccText (515)

hh-Ph+hext,cc-Pext,cc
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5.2.1 Limiting conditions

The conductive heat flow which gets to the end of the central body becomes partly heat lost by
natural convection at the compressor plateau and partly conductive heat at the end of the plateau.
This modification on M. Cormerais’ [2] model is necessary to assure the flow coherence in the
presented model.

6TCC

-A. Acc. 5. |Xcc=ePio= Qext, pc - 4 . Arc.

dTpc
O0x

XPC =e_Plto (5.16)

Originally, the condition was to impose a continuity of conductive heat flow at the interface
central body / compressor plateau. This hypothesis seemed unrealistic, given that the cross-
section variation is of order 6 and the heat flow does not transform entirely into conductive flow
instantly at the compressor plateau.

To impose a temperature continuity at the interface central body / compressor, it is necessary
that:

Tec Ixce=L e = Tpe Ixpc=0 (5.17)

5.3 Interface Compressor Plateau / Compressor

On this model, the compressor receives heat from the plateau and loses heat towards the outside
through natural convection and radiation on its walls. The heat exchanges on the compressor
will be considerably lower than those observed on the turbine.

Figure 21 shows a cutaway element on the length of the compressor plateau, and its
corresponding heat exchanges. All its heat is conducted from the central body, a small portion
is dissipated on its walls, and finally some of the original heat is conducted towards the
compressor plateau.

dQext PC

dQ_Pc(x) dQ_PC (x+dx)

Figure 21: diagram representing the elementary cutaway of the compressor plateau. The heat
exchanges in blue represent conductions, the one in green a natural convection.
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The heat transfer mechanism from the compressor plateau to the compressor is represented on
Figure 22. The heat coming from the central body is partly dissipated on the compressor plateau
and partly conducted through to the compressor, where it exchanges with the mean compressor
flow. Here again some of the incoming heat gets lost on the external walls and a part is
transferred through to the compressor mean flow.

Qext PC
- Qext_C

t 4

a_pc.c
PC | » Compressor

Figure 22: diagram representing the compressor. The heat in green represents a natural convection
and the one in red a forced convection.

The total compressor power considers the heat ultimately received from the turbine (Qc pc)
and the heat lost to the outside (Qext, c):

Pc =Dmc. Cpc. ATc = Parbre ¢ + Qc_pc - Qext, (5.18)

I:)arbre_c =Pc- QC_PC + Qext, C

where each of the heat exchanges is defined as:

Qext,c = Qnc,c + Qre (5.19)
Qne, ¢ = Rext 7+ Aext 7+ (Tp_ext T votute — Text) (5.20)

4
Qre = €_a.o. Aext_C- ((Tp_ext_c_volute) - (Text)4) (5.21)

The forced convection is defined between the mean compressor flow and the temperature at
the extremity of the compressor plateau:

Qc rc = he pc.Apc. (Trc(e_Plto) - Timoy ) (5.22)
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The third and last of M.Cormerais’s [2] equations is the temperature evolution law on the
compressor plateau, defined as:

Tpc = C5.e\/“_3' *+ Ce.e_\/“_3' X+ Text (5.23)

hext_C-P ext PC

where a3=
AApc

(5.24)

5.3.1 Limiting condition

All the heat coming from the conduction at the end of the central body crosses the volute walls
(Qcond_fin_pc) and turns partly into radiation on the compressor volute surface (Qrc), partly into
convection towards the mean compressor flow (Qc _tor) and partly into natural convection on
the wall of the compressor volute (Qnc _c):

Qcond fin_pc = Qnc_c + Qrc + Qc_ToT (5.25)
-A.Acrc .J;_;c |xpc =ePlto =

hext ¢ Aext ¢ (Tp_ext_c_volute — Text)

+&_2a.6.Aex_c. ((Tp_ext_C_Volute)4 — (Tex)®

+ he e . Arc. (Tpe — Trmoy. C)l XPC =¢_Plto (5.26)

This limiting condition, illustrated on Figure 23, is in accordance with the operation on heat,
which is the goal of this project. A reevaluation would be necessary for applications in other
situations.

Q RC AQnc_C
Qcond_fin_PC * f
—

Q_c_ToT

PC Compressor

Figure 23: diagram of the heat transfers considering the new limiting condition at the interface
compressor plateau / compressor.
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6. Coefficient choice using correlations

On a first approach, heat convection coefficients will be taken from correlations. These shall
later be revised and “learned” from an artificial neural network.

6.1 Forced convection coefficients

According to A. Romagnoli et al. [11], the convective coefficients on the compressor and
turbine plateaus may be calculated using the following empirical relations:

h_T_PT (orh_C_PC) = 2 Re08pr®4 (6.1)
T.C

6.2 Natural convection coefficient

The natural convection coefficient for a turbo charger may be calculated through the expression:

A
Drc’
where Nu (Nusselt Number) is calculated according to [4], by:

(6.2)

2
0.387 Ral/6

Nu=1{0.60 + 7

(6.3)

v 5

Gr (Grashof number), Ra (Raleigh number) and Pr (Prandt number) are calculated by:

_ D3p*gATB
Gr= T

where:
g — gravity
P — dilatation coefficient (equal to 1/Tmoyenne)
AT — difference between the wall temperature and the cabin temperature
1 - dynamic viscosity

, (6.4)

_ho
Pr= ) (6.5)

Ra = Gr Pr (6.6)

The natural convection coefficient on the central body is calculated as a mean of the coefficients
of the turbine and the compressor. The turbine’s coefficient is used for the turbine plateau and
the compressor’s for the compressor plateau.

In order to consider radiation on the surfaces of the turbine plateau and of the central body, the
radiative transfer has been evaluated considering a linear temperature evolution law. This law
is then integrated over the parts’ lengths:

£.0.Pext. ((Tp)4 - (Text)") dx (6.7)
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This has provided an estimate of the radiated power, leading to a fair adjustment of the
convective coefficient.

Comments:

- Given the high radiated power, this correction has not been applied to the 580°C case.
- The compressor plateau is too cold to justify such correction.

6.3 Forced convection coefficient for the oil

Based on S. Shaaban’s [8] method, the importance of the oil in the heat transfer along the turbo
charger is better understood.

According to his works on the GTI749V55 turbo charger, the heat dissipated into the oil may
be expressed as:

2811 = 491627.1 exp(—7.87Re 9 A25r014) (6.8)

[

This ratio reaches up to 3, which proves the importance of the oil in the heat transfer.

He also develops a correlation law to determine the convective coefficient. Unfortunately, this
law returns values which are absurd for the KOKGENS5 turbo charger, so the model is not
general enough.

The estimate of the h_huile has been based on M. Fénot’s [12] work. He suggests several
methods to calculate the convective coefficient between two coaxial cylinders, where the inner
one is rotating. The Aoki et al. method has been chosen for simplicity.

7. Efficiencies

The efficiencies observed to validate the model include:

- The global mechanical efficiency:

Par re
Nméca = _grbret (71)

Parbre,T

- The total isentropic turbine efficiency:

Par re.
nr= =5 (7.2)
- And the total isentropic compressor efficiency:

Ne = —isC (7.3)

Parbre_c
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8. Results — Model Validation

On the bibliography, some examples of expected mechanical (Figure 24), compressor (Figure
26) and turbine (Figure 25) efficiencies are found and may be used as reference.

Figure 26 is particularly interesting, as it shows the correction that is intended by this model.
Nevertheless, the results obtained will be presented as a function of the compressor rate.
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Figure 24: expected mechanical efficiency of the turbo charger. [13]
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Figure 25: expected turbine efficiencies. [1]
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Figure 26: expected compressor efficiencies. [2]

The approach is then to observe the efficiency curves obtained from cold tests (adiabatic) to
have an estimation of the minimum and maximum values of efficiency attainable. As the non-
adiabatic efficiency curves follow the same profile, the cold test curves are used as a parameter.

The model was developed in Python language under the Pyzo platform. Using the « numpy »,
« XlIrd », « matloblib » and « os » libraries, the compressor and turbine efficiencies were plotted
by rotation range. For the compressor, these efficiencies are expressed as a function of the
compression rate. As for the turbine, as a function of the expansion rate. The code will be
available on the section « Appendix: Python Code ».

The results obtained from the original model as it is set are synthesized on Figures 27 to 30. All
exchanges are expressed in Watt.

8.1 Adiabatic Case

The adiabatic case will serve as a reference, as it is a cold test. Thus, there is theoretically no
heat transfer to be considered. Nevertheless, this case represents a limit of usage which leads to
aberrant measures at some points.
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% ¢ g 0.4 * ..:...”. L

g 10 g o2f '},"’r :

% 09 s 00f

3 ° g 02

< 0.8 ° L i °

£ o 380 e 0t %00 et IR

g 0.7 e ° ] -0.6
i I 1 I i _0‘8 L L 1

10 12 14 16 18 20 22 24 26 0.6 0.8 1.0 1.2 14 1.6 1.8

Expansion rate Compression rate

Figure 27: mechanical / compressor efficiencies for the adiabatic case.
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The mechanical efficiency (Figure 27 — left) is globally stable around 0.75. This is explained
by a week rotation range (6000 to 15000 rpm). With the low power on the axis, a superior
mechanical efficiency is expected for cases where the inlet turbine temperature is higher.

The compressor efficiency (Figure 27 — right) is not exploitable, given that the axis power is
too weak. The communicated heat transfers are logically rather weak. This model seems
coherent with these data points.

0.75 308.26
T 070} -, cmglo ®oo®° | 30824
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= 0.65 D 30820f
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1.0 12 14 16 18 20 22 24 26 ~0.010.00 0,01 0.02 0.03 0.04 0,05 0.06 0.07

Expansion rate position

Figure 28: turbine efficiency and temperature evolution function (last data input) for the adiabatic
case.

The turbine efficiency (Figure 28 — left) resembles the mechanical efficiency profile curve,
increasing up to 0.70 approximately. The temperature evolution profile (Figure 28 —right) is an
evidence of the adiabatic functioning, as the temperature remains practically constant along the
turbo charger.

8.2 Inlet Turbine temperature at 300°C and 580°C

580°C Case

i P
0‘4j N ] .-"".-T

Compressor efficiency
=]
[\ %]
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1.0 15 2.0 2.5 3.0 35 o8 10 12 14 16 18 20 22
Expansion rate Compression rate

Figure 29: mechanical / compressor efficiencies for the inlet turbine temperatures at 300°C and
580°C.

The mechanical efficiency profile curve (Figure 29 — left) is as expected, with a maximum
reached at high expansion rate. On the other hand, the part relative to the friction being weaker
for a comparatively lower mechanical power on the axis, a higher efficiency would be expected
compared to the adiabatic case, which is not the case here. Therefore, some heat exchanges
must have been underestimated.
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The compressor efficiency (Figure 29 — right) is not satisfying, as it presents values too low
compared to those expected.
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Figure 30: turbine efficiency / temperature evolution function for the inlet turbine temperatures at
300°C and 580°C.

The turbine efficiency (Figure 30 — left) is largely underestimated at low rpm, where the
transfers are the most important. In fact, the exchanges with the neighboring parts to the turbine
should be considered to correct this efficiency. Too much mechanical power has been attributed
to the axis, while this power is dissipated as heat to the neighboring parts. The correction (in
red) given by the following relation is not explored well enough:

Parbre_T = Dmr. CpT, ATt - QT_PT - Qext_T (48)

To provide coherent efficiency values, the temperature evolution profile (Figure 30 — right)
should have been steeper near the turbine and flat near the compressor at a higher end-of-plateau
temperature, so more heat would have been transferred from the turbine to the compressor and
the efficiencies would be greater.

9.  Correction of the convection coefficients using an artificial neural
network

Despite the existence of several python libraries and functions to train and apply neural
networks, this project has required the implementation of the basic mechanisms of machine
learning. That is because the network structure is quite particular to this application, and the
encrypted TensorFlow and Keras libraries do not allow for such customization.

The adopted approach was then to build an MLP ANN [24] to target the adiabatic efficiency
values calculated based on the very entries. By trying to find a weight matrix which approaches
theses efficiency values, the efficiencies are guaranteed to have the correct profile. Nevertheless,
it is known that the network will and should have a residual error, which represents the gap
between the adiabatic and real operating conditions of the turbo charger.

The architecture takes as input the experimental data obtained for the device. Then, a technique
called Principal Component Analysis (PCA) [23] determines the most determinant parameters
to be considered as inputs. It does so by analyzing the variance contribution of each input
attribute and neglecting the ones with the least impact. The algorithm involves following the

RAPOSO DE ALMEIDA, M./Undergraduate Thesis 46



RAPOSO DE ALMEIDA, M./ Evaluation of heat CENTRALE

( ! EESC + USP transfer phenomena in a turbo charger using NANTES

artificial neural networks

steps consecutively:

a) Normalize the input by column with variance equals to one and centered on zero.
b) Calculate the covariance matrix of the normalized input
c) Calculate the eigenvalues of the covariance matrix, which are guaranteed to
represent the variance of each input attribute in descending order.
d) Neglect the input parameters with the least variance impact according to a pre-
defined criterion.
By considering fewer input parameters, the network has a higher chance of converging more
quickly.

The MLP architecture then takes as many input parameters as the PCA technique has
determined. The hidden layer is fixed with only four neurons to speed up training. The output
layer will contain the convection coefficients in a pre-determined order, which will be activated
by a function called ‘turbo’ on the Python code. This function is the physical model which
calculates the heat transfers and the resulting efficiencies, allowing the network to compare
them to desired ones. It takes the most consistent theoretical model, the one which calculates
the oil convective heat, as a reference and the ratios between correlation-calculated coefficients
as a starting training point. As it may be seen on the results, the training happens rather quickly
due to this appropriate starting position.

All parameters related to the neural network are written in an Excel worksheet, and may be
changed at any time before training. The Python script has been converted to an Executable
(.exe) file using Pyinstaller, so to be launched it just needs a double click on the icon. This
strategy allows for a more friendly-user interface, as all inputs are taken from Excel files and
the script is run on the operational system’s command prompt.

The MLP parameters are shown on Table 8. They may be edited on the Excel sheet named
“MLP_Parameters.xIsx” at any time before training is launched.

Update Parameter ratio (alph) 0.99
Initial Momentum Parameter (alpha) 0.3
Initial Learning rate (eta) 0.3
Minimum Learning rate (min_eta) 0.00001
Minimum Momentum Parameter (min_alpha) 0.00001
Training Data Proportion (proporcao_dados) 0.75
Maximum number of epochs (max_cycles) 75
Learning stopping tolerance 0.01
Number of neurons in the hidden layer 4
Number of instances on the 300°C case 51
Number os instances on the 580°C case 43
Number of attributes 16

Table 8: parameters used for training the MLP network.

Given the very distant case scenarios, separate trainings have been performed for the 300°C
and the 580°C inlet turbine temperatures. If the experimental data contained several turbine
inlet temperatures, the network could have been trained only once and generalized for all
operating points.
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9.1 Training Results

The network has been run on a 64-bit Windows 10 laptop with 8 Gb of RAM and an Intel Core
15-7200U CPU 2.50 GHz processor, performing at 1.053 s/epoch. Figures 32, 33 and 34 show
the best results obtained from training.
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Figure 31: mechanical / compressor efficiencies for the inlet turbine temperatures at 300°C (blue) and
580°C (red). The curves marked in with ‘+’ signs correspond to the target values for the efficiencies,
whereas the dotted ones are the predicted values given by the neural network.

The mechanical efficiency (Figure 31 — left) approaches the target results considerably from
above (average 0.1 higher than isentropic efficiencies). This is coherent with reality, as the
turbine will dissipate more heat and the compressor will receive more heat in reality than in the
isentropic case, due to heat transfer.

The same applies to the compressor efficiency (Figure 31 — right). The neural network manages
to adapt to the curve profiles, but making efficiencies a little higher than isentropic ones,
therefore closer to real operational situations.
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Figure 32: turbine efficiency / temperature evolution function for the inlet turbine temperatures at
300°C (blue) and 580°C (ved). The curves marked in with ‘+° signs correspond to the target values for
the efficiencies, whereas the dotted ones are the predicted values given by the neural network.

The turbine efficiency (Figure 32 — left) is responsible for the largest gap with the target
efficiencies, which is also coherent, as the turbine is where most of the heat will be dissipated.
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The temperature profile curves (Figure 32 —right) are as expected, being steeper near the turbine
and flattening out near the compressor.
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Figure 33: learning curves for the inlet turbine temperatures at 300°C (blue) and 580°C (red).

Figure 33 shows how the mean squared error may start very high and be unstable at the
beginning of training but eventually the network converges to a limit value. After 250 epochs,
the network had not converged entirely yet, but it shows a tendency to converge in the next few
epochs, as the learning rate would be near its minimum value.

The errors obtained for these parameters resemble some of those presented by O. Ozener et al.
[14] in his work on diesel engines (section “3.2 Applications of Artificial Neural Networks
(ANNs) in Mechanical Engineering”). He obtained mean squared errors of 0.085 for NOx and
0.027 for power in his training.

87199 | 226 (430) | 52(6) | 10(6) | 274(269) | 39(3) | 25(5) | 4356

112197 | 232(544) | 69 (7) 29 (7) 255 (331) 9(4) 10 (5) 4941

Table 8: rounded-up heat convection coefficients approximated by a neural network trained upon the

input data from experimental tests on a turbo charger at 300°C and 580°C inlet turbine temperatures.
The values in parenthesis are correlation-calculated heat coefficients.

Table 8 shows the calculated coefficients for an rpm taken at random from the dataset. It makes
clear that the correlations overestimate the forced convections from the turbine and to the
compressor, whereas the natural convections to the outside are underestimated. This could have
been one of the sources of error in the original model.

The neural network has an overall satisfying performance with little running time on a simple
personal computer, which indicates the interest for its application.
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10. Distribution of Heat Transfer along the Turbo charger

The following charts allow for a better understanding of the phenomena taking place in the
turbo charger modelled during this project. As expected, at high rpm, the gap between adiabatic

and corrected power is less important than at low rpm.
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Figure 34: Heat Transfer distribution (in Watt) at 151236 rpm for the inlet turbine temperature at
300°C on the K9KGENS turbo charger.
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Figure 35: Heat Transfer distribution (in Watt) at 240670 rpm for the inlet turbine temperature at
300°C on the K9KGENS turbo charger.

Some reserve must be applied when analyzing the values of the radiated and convective power
on the compressor, as these values become higher than those at the turbine at high rpm (Figure
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35). This may be explained by the imprecisions on the determination of surfaces and by the
volute wall temperature measurement, from which the experimental data points’ locations are
not specified.
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Figure 36: Heat Transfer distribution (in Watt) at 240670 rpm for the inlet turbine temperature at
300°C on the K9KGENS turbo charger.
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Figure 37: Heat Transfer distribution (in Watt) at 245023 rpm for the inlet turbine temperature at
580°C on the KOKGENS turbo charger.

It is also notable that the heat flow towards the mean compressor flow may be either negative
(Figure 36) or positive (Figure 37). It is thus difficult to assure whether the model is faulty at
this aspect, as it is also possible that the gas flow gets heated up and then dissipated heat back
to the compressor walls. Nevertheless, it remains surprising that it evacuates heat even for the
580°C case.
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Only a part of the turbine radiation is considered to heat up the compressor. Without
experimental means, it has not been possible to add this aspect to the transfers on this model. It
would have been interesting to note its effect regarding the conclusion taken from this project.

11. Conclusion and Future Work

For such a complex problem, it is best to obtain a simple model for some specific operating
points rather than a very complex model, which need too many details over its parameters. The
correlation model being rather complex and specific on the one side, the neural network
simplifies the work by applying a regression of the input data to the desired outputs.

The presented model, although simple and zero-dimensional, is successful at correcting the
efficiency curves for the non-adiabatic cases. An improvement may be made in the
experimental database, which could contain other inlet turbine temperatures and a larger
volume of data points. Unfortunately, due to financial and temporal resources, no additional
experimental tests could have been performed for the present project, which would have
enabled the recognition of further patterns for the calculated powers.

The complex geometry, the complex physical phenomena and the experimental uncertainty
have challenged this model’s accuracy, but the neural network seems to have elegantly
overcome these obstacles, being paralleled with the current state-of-the-art.

Finally, this model, although limited in its results and precision, constitutes a good first
approach to evaluating heat transfer in a turbo charger. Further advancements may be achieved
by adding more experimental data to the network input.

With enough computational resources and an adaptation to the script, the network may be run
in real-time for performance tuning applications.
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APPENDIX: PYTHON CODE

##Application of Artificial Meural Networks to the Determination of Heat Exchange in a Turbocharger

e
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o

impeort numpy as np #calculations

import random as rd #weight initialization

import matplotlib.pyplot as plt #plots

import matplotlib.patches as mpatches #plot content
import time #counting the time

import xlrd #open sheet files

impeort os #opening files

start_time = time.time()
## ---> Dimensions of the turbo charger

def open_x1lrd(f):
#opens an Excel file and returns the first sheet
workbook = xlrd.open_workbook({f)
sheet = workbook.sheet by index(®)
return sheet

#opens the Excel file containing the turbo charger geometrical data
geometry sheet = open_xlrd{ 'Geometrical Data.xlsx')

#Turbine

De T = geometry sheet.cell valus(1,1) #inlet turbine volute diameter
D_PT = geometry_sheet.cell value(2,1) #plateau external diameter

Le_T = geometry_sheet.cell value(3,1) #inlet turbine volute length

Ls T = geometry sheet.cell value(4,1) #outlet turbine wolute length

D _moy _ext T = geometry sheet.cell value(5,1) #mean external turbine diameter
e Plto = geometry_sheet.cell value(6,1) #plateau thickness

Ds_T= geometry_ sheet.cell value(7,1) #outlet section diameter

#Central Body

L_cc=geometry_sheet.cell walue(9,1) #length

D_axe=geometry sheet.cell value(18,1) #central axis diamester
D_cc=geometry_ sheet.cell walue{11l,1) #central body mean diameter
D_h=geometry_sheet.cell value(12,1) #mean oil flow diameter
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#Compressor

D PC = geometry sheet.cell value(14,1) #compressor plateau diameter
Ls C = geometry sheet.cell value(15,1) #compressor outlet length

Le C= geometry sheet.cell wvalue(l6,1) #compressor inlet length
Ds_C=geometry sheet.cell wvalue(17,1) #compressor outlet diameter
De C = geometry sheet.cell value(18,1) #compressor inlet diameter

De C int = geometry sheet.cell value(19,1) #compressor internal inlet diameter

P_ext_PT = np.pi*D_PT #external turbine plateau perimeter
A ext T=np.pi*(D _moy ext T*Ls T+De T*lLe T) #external turbine volute surface

A PT = np.pi*(D_PT*@.5)**2 #turbine plateau cross-section
A tot= (A _ext T+A PT) #total heat transfer turbine surface
D hb=Dh-D axe #effective oil flow diameter
P_ext_cc=np.pi*D_cc #external central body perimeter

P_h = np.pi*D_h #mean oil flow perimeter

A h=np.pi*{(D_h*@.5)**2) #mean oil flow surface

A cc=A PT-A h #central body cross-section

P_ext_PC=np.pi*D_PC #external compressor plateau perimeter
A Pc=np.pi*({(D_PC*6.5)**2) #compressor plateau surface

A ext C= (8.85776+np.pi*De C*le C+ls C*np.pi*Ds_C)*3 #external compressor surface

A pertes PC = A_Pc - A_PT #compressor plateau heat loss surface

#inlet and outlet turbocharger cross-sections

section e ¢ = np.pi/f4*(De C int**2) #inlet compressor cross-section
section_s ¢ = np.pi/4*(Ds_C**2) #outlet compressor cross-section
section_e t = np.pi/f4*(De _T**2) #inlet turbine cross-section
section s t = np.pi/4*({Ds T**2) #outlet turbine cross-section

##Fluid and Material Physical Properties

Rec_f = geometry sheet.cell wvalue(21,1) #cast iron receptivity
Em f = geometry sheet.cell value(22,1) #cast iron emissivity
Em _a = geometry sheet.cell value(23,1) #aluminum emissivity
Lmb_f = geometry sheet.cell wvalue(24,1) #cast iron conductivity
vis_huile = geometry sheet.cell value(25,1) #o0il viscosity
rho_h = geometry sheet.cell wvalue(26,1) #o0il density

Cp_h = geometry sheet.cell value(27,1) #o0il heat capacity

sigma = 5.67937*18**-8 #radiative heat transfer constant (Boltzmann)
#reference parameters

Treft = 288.33 #reference temperature
Pref 1813.287 #reference pressure in mB
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lel. #Percentage of loss due to radiation
182. perc_R = 8.2
183.
1e4. ## ---» Defining physical functions
185.
1@6. ## Physical laws polynomial approximation from tables (as a function of temperature in K)
187. def rho_a (T) : #density
168. return(-2*(10**-9)*T**3 + g*(1@**-g)*T**2 - 0.0863*T + 2.5695)
189.
118. def Cp_a (T) :  #heat capacity
111. return (-2%(10%*-7)*T*=3 + 6*(10**-4)*T**2 - 8.2135*T + 1824.5)
112.
113. def Vis_a (T) : #viscosity
114. return (-1*(1@%*-14)%T*%3 40 #*(1@**_11)*T**32 4 A*(1@**_8)*T -T*1@**_-§)
115.
116. def independent_powers():
117. #calculates the heat exchanges and powers which are independant from the temperature evolution law
118.
119. # --> Flow Physical Characteristics
12@.
121. #Turbine
122. Cp T = Cp_a(T_moy_T) #Turbine flow mean heat capacity
123.
124. #Preliminary oil convection coefficient
125. v_h = Dm_h/{rho_h*np.pi*@.25%(D_h**2 - D_axe**2)) #0il volumetric flow
126. Re_h = v_h*D_h_b/vis_huile #o0il Reynolds number
127.
128. #Compressor
129, Cp C = Cp_a(T_moy_C) #Compressor flow mean heat capacity
13@.
131. #Expansion and Compression rates
132. taux_de_comp_c = Ps_C/Pe_C #compressor compression rate
133. taux_de_detente_t = Pe_T/Ps_T #turbine expansion rate
134.
135. Rho C e = rho_a ( Te_C ) #inlet compressor flow density
136. Rho C s = rho_a ( Ts_C )} #outlet compressor flow density
137. Rho T e = rho_a ( Te_T ) #inlet turbine flow density
138. Rho T s = rho_a ( Ts_T ) #outlet turbine flow density
139.
148. Cp_C e = Cp_a(Te_C) #inlet compressor flow heat capacity
141. Cp_C_ s = Cp_a(Ts_C) #outlet compressor flow heat capacity
142. Cp T e = Cp_a(Te_T) #inlet turbine flow heat capacity
143. Cp T s = Cp_a(Ts_T) #outlet turbine flow heat capacity
144.
145. #Stop parameters
146. Te_Ci = Te_C + ((Dm_C/Rho_C_e/section_e_c)**2)/2/Cp_C_e #inlet compressor flow stop temperature
147. Ts_Ci = Ts_C + ((Dm_C/Rho_C_s/section_s_c)**2}/2/Cp_C_s #outlet compressor flow stop temperature
148. Te Ti = Te_T + ((Dm_T/Rho_T_e/section_e_ t)**2)/2/Cp_T_e #inlet turbine flow stop temperature
149. Ts_Ti = Ts_T + ((Dm_T/Rho_T_s/section_s_t}**2)/2/Cp_T_ s #outlet turbine flow stop temperature
=]
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Ts_Ci_is = Te _Ci * (taux_de_comp_c**(08.4/1.4)) #outlet compressor flow isentropic stop temperature
Ts_Ti_is = Te_Ti * (taux_de_detente t**({-8.4/1.4)) #outlet turbine flow isentropic stop temperature

#Heat exchanges which do not need the temperature evolution law along the turbo charger
P T =Dm T*Cp_T*(Te_Ti-Ts_Ti) #turbine power

P_Tis = Dm_T*Cp_T*(Te_Ti-Ts_Ti_is) #turbine isentropic power

QR T = Em f*sigma*A_ext T*((Tp_ext T volute)**4 - Text**4) #turbine radiated heat

P C = Dm_C*Cp_C*(Ts_Ci - Te (i) #compressor pousr
P_Cis = Dm_C*Cp_C*(Ts_Ci_is - Te_(i) #compressor isentropic power

Q R C = Em a*sigma*A_ext C*((Tp_ext_C_volute)**4 - Text**4) #compressor radiated heat

return [P_T,P_Tis,Q R T,P_C,P_Cis,Q R _C,taux_de_comp_c,taux_de_ detente t]

##Convection Coefficients through Correlations

def correlation():

#calculates heat coefficients based on correlations

u_axe = regime*np.pi*D_axe/6@ #axis linear rotating speed
omega = u_axe/D_axe #axis angular rotating speed

#dimensionless flow coefficients

def 1mb_a (T) : #conductivity
return(B*(18%*-12)=T**3 — 4%(10%*-8)*T=*2 + (10%*-4)*T + 5%19%**_4)

def prandt_a (T) : #Prandt Number
return (-2%(10%%_18)*T**3 4 £*(10%*_7)*T**2 _5*(10%*_4)*T 1 9.8147)

#Cabin air parameters

Rho_Text = rho_a(Text) #Cabin air density

Vis Text = Vis_a(Text) #Cabin air viscosity
Cp_Text = Cp_a(Text) #Cabin air heat capacity

#Cabin air parameters

Rho_Cext = rho_a(Text) #Cabin air density
Vis_Cext = Vis_a(Text) #Cabin air viscosity
Cp_Cext = Cp_a(Text) #Cabin air heat capacity

#Turbine

Rho T = rho_a(T_moy_T) #Turbine flow mean density

Vis T = Vis_a(T_moy_T) #Turbine flow mean visosity

V_T = Dm_T/(np.pi*((De_T/2)**2)*Rho_T) #Turbine flow mean volumetric flow
Re T = V_T*De_T/Wis_T #Turbine flow mean Reynolds number

Lmb_T = Ilmb_a(T_moy T) #conductivity

Prandt_T = prandt_a(T_moy_T) #Prandt number

Beta T = 1/T_moy_ T #Beta coefficient
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200. #External Turbine
2e1. Lmb_Text = lmb_a(Text) #conductivity
202. Prandt_Text = prandt_a(Text) #Prandt number
283. Beta_Text = 1/Text #Beta coefficient
20e4. Grshf_Text = 9.81*Beta_T*(Tp_ext T_wolute - Text)*(D_moy_ext_T**3)/(Vis_Text**2) #Grashof number
285. Rligh_Text = Prandt_Text*Grshf_Text #Rayleigh number
206. Nu_Text = (0.6 + (0.387*(Rligh_Text**(1/6))/(1+(@.559/Prandt_Text)**(9/16))**(8/27)))**2 #Nusselt number
287.
208. #Compressor
2@9. Rho_C = rho_a(T_moy_C) #Compressor flow mean density
218. Vis_C = Vis_a(T_moy_C) #Compressor flow mean viscosity
211. Cp_C = Cp_a(T_moy_C) #Compressor flow mean heat capacity
212. V_C = Dm_C/(np.pi*((De_C_int/2)**2)*Rho_C) #Compressor flow mean volumetric flow
213, Re C = V_C*De_C_int/Vis_C #Compressor flow mean Reynolds number
214. Lmb_C = 1mb_a(T_moy C) #conductivity
215. Prandt_C = prandt_a(T_moy C) #Prandt number
216. Beta C = 1/T_moy_C #Beta coefficient
217.
218. #External Compressor
219. Lmb_Cext = lmb_a(Text) #conductivity
220. Prandt_Cext = prandt_a(Text) #Prandt number
221. Beta_Cext = 1/Text #Beta coefficient
222. Grshf_Cext = 9.81*Beta_Cext*(Tp_ext_C_volute - Text)*((D_PC+0.010)**3)/(Vis_Cext**2) #Grashof number
223. Rligh_Cext = Prandt_Cext*Grshf_Cext #Rayleigh number
224. Nu_Cext = (0.6 + (0.387*(Rligh_Cext**(1/6))/(1+(@®.559/Prandt_Cext)**(9/16))**(8/27)))**2 #Nusselt number
235.
276. #0il
227. Imb_h = ©.137 #conductivity
228. Prandt_h = Cp_h*vis_huile*rho_h/1lmb_h #Prandt number
229. Taylor_h=((omega**2)*(D_axe/2)*(D_h_b/2)**3)/(vis_huile**2) #Taylor number
238. Nu_h=8.44%(Taylor_h**@.25)*Prandt_h**@.3 #Nusselt number
231.
232. #Convection coefficients
233.
234. cor_h_T_PT= Ds_T*{{(2*Lmb_T)/(De_T)*(Re_T**@.8)*(Prandt_T**@.4)) #turbine / turbine plateau
235. cor_h_ext_T= Mu_Text*(Lmb_Text/D moy ext T) #turbine / outside
236. cor_h_ext_PT = cor_h_ext T #turbine plateau / outside
237. cor_h_C PC = Ds_C*{(2*Lmb_C)/(De_C_int)*(Re_C**@.8)*(Prandt_C**0.4)) #compressor / compressor plateau
238. cor_h_ext_C= Mu_Cext*(Lmb_Text/(D_PC+0.010)) #compressor plateau / outside
239. cor_h_ext_cc = (cor_h_ext_T+cor_h_ext_C)*8.5 #central body / outside
240, cor_h_huile = Nu_h*Imb_h/D_h_b #oil
241.
242, return np.array([cor_h_T_PT,cor_h_ext_T,cor_h_ext_PT,cor_h_C _PC,cor_h_ext_C,cor_h_ext_cc,cor_h_huile])
2A2
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245. ##Activation Function

246.

247. def turbo (y_pred, batch, mede="train’):

248. #takes raw neutwork output 'y _pred' and applies physical model to obtain turbo charger efficiencies
249.

258. #instance analyzed

251. I = batch

252.

253. #convection coefficients

254. h_T_PT = np.abs(y_pred[@])*h_huile[I]/1@ #Turbine / Turbine Plateau

255. h_ext_T = np.abs(y_pred[1])*h_huile[I]/5@ #Turbine / Outside

256. h_ext_PT = np.abs(y_pred[2])*h_huile[I]/50 #Turbine Plateau / Outside

257. h_C_PC = np.abs(y_pred[3])*h_huile[I]/1@ #Compressor Plateau / Compressor
258. h_ext_C = np.abs(y_pred[4])*h_huile[I]/1@@ #Compressor / QOutside

259. h_ext_cc = np.abs(y_pred[5])*h_huile[I]/10@ #Central Body / Outside

260.

261.

262. #Temperature Law Linear System parameters

263. alph 1 = (h_ext PT*P_ext PT)/{Lmb_f*A_PT)

264. alph_2 = (h_huile[I]*P_h+h_ext_cc*P_ext_cc)/(Lmb_f*A_cc)

265. alph 3 = (h_ext C*P_ext_PC)/(Lmb_f*A_PT)

266. delt = (h_huile[I]*T_h[I]*P_h+h_ext_cc*Text[I]*P_ext_cc)/(h_huile[I]*P_h+h_ext_cc*P_ext_cc)
267.

268. al = (alph_1)**(1/2)

269. a2 = (alph_2)**(1/2)

270. a3 = (alph_3)**(1/2)

271.

272. e = np.exp(l)

273.

274, #0ther heat exchanges which do not depend on the temperature evolution law
275. Q ext_ T = h_ext_T*A_ext T*(Tp_ext_T_volute[I]-Text[I]) #Turbine / Outside
276.

277. Q_ext_C = h_ext_C*A_ext_C*(Tp_ext_C_volute[I]-Text[I]) #Compressor / Outside
278.

279. #A and B are limiting condition matrices

280. A = np.array([[-A_tot*h_T_PT+Lmb_f*A_PT, -A_tot*h_T_PT-Lmb_f*A_PT,8,0,8,6],
281. [e**(al*e_Plto), e**(-al*e Plto), -1, -1,8,8],

282. [al*e**(al*e_Plto),-al*e**(-al*e_Plto), -a2,a2,@,0],

283. [@,0,e**(a2*L_cc),e**(-a2*L_cc),-1,-1],

284. [0,0, -Lmb_f*A_cc*aZ2*e**(a2*L_cc),Lmb_f*A_cc*a2*e**(-a2*L_cc),

285. ((-h_ext_C*P_ext_PC)/a3)*(e**(a3*e_Plto)-1)+Lmb_f*A_Pc*a3*e**(a3*e_Plto)-A_pertes_PC*h_ext_C,
286. ((h_ext_C*P_ext_PC)/a3)*(e**(-a3*e_Plto)-1)-Lmb_f*A_Pc*a3*e**(-a3*e_Plto)-A_pertes_PC*h_ext_C],

287. [0,0,0,8, -Lmb_f*A_Pc*a3*e**(e_Plto*a3)-A_Pc*h_C_PC*e**(e_Plto*a3),
288. Lmb_f=A_Pc*a3*e**(-e_Plto*a3)-A_Pc*h_C_PC*e**(-e_Plto*a3)]])

289.

290. B = np.array([h_ext_T*(Tp_ext_T_volute[I]-Text[I])*A ext T+(A_ext T*Em_f*sigma*(Tp_ext_T_volute[I]**4 - Text[I]**4))+A_tot*h T_PT*(Text[I]-T_moy T[I]), delt-Text[I],
291. h_huile[I]*A_h*(Text[I]-T_h[I]},

292. Text[I]-delt,

293. a,

294. Q_R_C[I]-perc_R*Q R_T[I]+Q ext_C+A_Pc*h_C_PC*(Text[I]-T_moy_C[I])])

296. #Resolution of limiting conditions

297.

298, C = np.linalg.solve(A,B)

299.

300. c1 = c[e]

301. €2 - c[1]

3e2. €3 =(C[2]

203, ca = ¢[3]

304. cs = c[4]

305. €6 = ¢[5]

306.

307. #Temperature Evolution Laws

208. def T_PT (x) : #on turbine plateau

309. return (C1*e**{al*x)+C2%e**(-al*x)+Text[I])

310.

311. def T_cc (x) : #on central body

312. return (C3*e**(a2*x)+C4%e** (-a2*x)+dalt)

313.

314. def T_PC (x) : #on compressor plateau

315. return (C5*e**(a3*x)+C6%e**(-a3*x)+Text[I])

316.

317. ## Pouaers and Efficiencies

318.

319. #Turbine Power Balance

320.

321. QT_PT = -Lmb_f*{al)*A_PT*(C1-C2) #Turbine / Turbine Plateau

322.

323. #Compressor Power Balance

324.

325. Q_cond_fin_PC = -Lmb_f*a3*A_Pc*(C5*e**(a3*e_Plto)-C6%e**(-a3*e_Plto)) #Conductive heat at the end of the compressor plateau
326.

327. Q_ext_PC = ((h_ext_C*P_ext_PC)/a3)*(C5*(e**(a3*e_Plto)-1)+C6%(1-e**(-a3%e_Plto)))+h_ext C*A pertes PC*(T_PC(@)-Text[I]) #heat dissipated on the compressor plateau external surface
328.

329. #Effective mechanical power

330. P_arbre_T = P_T[I] - Q T_PT - Q_ext_T - Q R_T[I] #real power on the mechanical axis given by the turbine
331.

332. P_arbre_C = P_C[I] - Q_cond_fin_PC + Q ext_C + Q_R_C[I] #real power on the mechanical axis received by the compressor
333.

334. P_f = P_arbre_T - P_arbre_C #friction power dissipated into the oil

335.

336. rdt_comp = P_Cis[I]/P_arbre_C #compressor efficiency

337. rdt_turbine = P_arbre_T/P_Tis[I] #turbine efficiency

338. rdt_meca = P_arbre C/P_arbre_T #mechanical efficiency
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348. if mode=="train': #training mode

341. y_pred = np.array([rdt_comp, rdt_comp, rdt_turbine, rdt_turbine, rdt meca, rdt_meca])
342. return y_pred

343. elif mode=="plot': #plot mode

344, #partition of the turbine plateau + central body + compressor plateau assembly
345. ¥1=np.linspace(@®,8.01681,58)

346. ¥2=np.linspace(@.06101,08.0512,208)

347. ¥3=np.linspace(®.8512,0.9613,58)

348.

349, y1=T_PT(x1)

350. y2=T cc(x2-0.0101)

351. y3=T_PC(x3-0.0512)

352.

353. y_plot=np.concatenate((yl,y2,y3),axis=08)

354. return y_plot

355. elif mode=="predict': #prediction mode

356. y_pred = np.array([rdt_comp, rdt_turbine, rdt_meca])

357. return [y_pred,[P_arbre_T,Q ext_T,Q T _PT,P_f,Q ext PC,Q cond_fin_PC,Q ext C,P_arbre_C]]
358.

359. ## ---» Defining ANMN functions

360.

361. def normalize({matrix_to_normalize):

362. #normalizes input data to mean = @ and variance = 1 by column

363. row = matrix_to_normalize.shape[8]

364. col = matrix_to_normalize.shape[1]

365. normalized_matrix_by column = np.zeros{{row,col))

366. for j in range(col):

367. mean = np.mean{matrix_to_normalize[:,3])

368. std = np.std{matrix_to_normalize[:,j])

369. for i in range(row):

370. normalized _matrix_by_column[i,j] = (matrix_to_normalize[i,j]-mean)/std
371. return normalized_matrix_by_column

373. | def extract_data(sheet):

374. #Extracts turbo charger performance data from Excel sheet

375.

376. Te_C = np.array([sheet.cell_value(r+1,8)+273 for r in range(sheet.nrows-1)]) #inlet compressor temperature in K
377. Ts_C = np.array([sheet.cell_value(r+1,1)+273 for r in range(sheet.nrows-1)]) #outlet compressor temperature in K
378. Te_T = np.array([sheet.cell value(r+1,2)+273 for r in range(sheet.nrows-1)]) #inlet turbine temperature in K
379. Ts_T = np.array([sheet.cell_value(r+1,3)+273 for r in range(sheet.nrows-1)]) #outlet turbine temperature in K

380. T_h = np.array([sheet.cell_value(r+1,4)+273 for r in range(sheet.nrows-1)]) #oil temperature in K

381. Text = np.array([sheet.cell_value(r+1,5)+273 for r in range(sheet.nrows-1)]) #cabin temperature in K

382. Pe C = np.array([sheet.cell value(r+1,6) for r in range(sheet.nrows-1)]) #inlet compressor pressure in relative mB

383. Ps_C = np.array([sheet.cell_value(r+1,7) for r in range(sheet.nrows-1)]) #outlet compressor pressure in relative mB

384. Pe T - np.array([sheet.cell value(r+1,8) for r in range(sheet.nrows-1)]) #inlet turbine pressure in relative mB

385. Ps_T = np.array([sheet.cell_value(r+l,9) for r in range(sheet.nrows-1)]) #outlet turbine pressure in relative mB

386. Dm_C = np.array([sheet.cell_value(r+1,18) for r in range(sheet.nrows-1)])/360@ #compressor mass flow in kg/s

387. Dm_T = np.array([sheet.cell value(r+1,11) for r in range(sheet.nrows-1)])/368@ #turbine mass flow in kg/s

388. regime = np.array([sheet.cell_value(r+1,12) for r in range(sheet.nrows-1)]) #turbo charger rpm

389. Pext = np.array([sheet.cell value(r+1,13) for r in range(sheet.nrows-1)]) #cabin pressure in mB

390. Tp_ext_T_volute = np.array([(sheet.cell_value(r+l,15)+sheet.cell_value(r+1,20))*@.5+273 for r in range(sheet.nrows-1)]) #turbine volute external wall temperature in K
391. Tp_ext_C_volute = np.array([(sheet.cell_value(r+l,16)+sheet.cell_value(r+1,22))*@.5+273 for r in range(sheet.nrows-1)]) #compressor volute external wall temperature in K
392. Dm_h = np.array([sheet.cell_value(r+1,17) for r in range(sheet.nrows-1)])/3680.8%rho_h/1808 #0il mass flow in kg/h

393. EV_T = np.array([sheet.cell_value(r+1,18) for r in range(sheet.nrows-1)]) #Percentage of opening of the turbine inlet valve

394. EV_C = np.array([sheet.cell_value(r+l,19) for r in range(sheet.nrows-1)]) #Percentage of opening of the compressor inlet valve
395.

396. #Inlet Treatment

397. T moy C = (Te C+Ts_C)/2. #mean compressor flow temperature

398. T_moy T = (Te_T+Ts_T)/2. #mean turbine flow temperature

399.

400. Pe C = Pe_C + Pext #inlet compressor pressure in bar

401. Ps C = Ps_C + Pext #outlet compressor pressure in bar

402. Pe T = Pe_T + Pext #inlet turbine pressure in bar

403. Ps_T Ps_T + Pext #outlet turbine pressure in bar

404,

485. #Corrected mass flow

406. correction = Pref/(Tref*=(1/2))

497.

408. Dm_C_cor = ((Dm_C)*((Te_C**(1/2)))/Pe_C)*correction #corrected compressor mass flow

409, Dm_T_cor = ((Dm_T)*((Te_T**(1/2)))/Pe_T)*correction #corrected turbine mass flow

41e.

411. #Network input

412, x_train = np.array(np.transpose([Te_C, Ts_C, Te_T, Ts_T, T_h, Pe_C, Ps_C, Pe_T, Ps_T, Dm_C_cor, Dm_T_cor, regime, Tp_ext_T_volute, Tp_ext_C_volute, EV_T, EV_C])) #input parameters
413, x = normalize(x_train) #normalized input parameters

414.

415, rdt_C - np.array([sheet.cell_value(r+1,20) for r in range(sheet.nrows-1)]) #compressor efficiency

416. rdt_T = np.array([sheet.cell_wvalue(r+1,21) for r in range(sheet.nrows-1)]) #turbine efficiency

417, rdt_meca = np.array([sheet.cell_value(r+1,22) for r in range(sheet.nrous-1)]) #mechanical efficiency

418.

419. #Network desired output

420. t = np.array(np.transpose([rdt_C, rdt_C, rdt_T, rdt_T, rdt_meca, rdt_meca]))

421.

422, return [x,t,Te_C,Ts C,Te T,Ts_T,T_h,Text,Pe_C,Ps_C,Pe_T,Ps_T,Dm C,Dm_T,regime,Pext,Tp_ext_T_volute,Tp_ext C_volute,Dm_h,EV_T,EV_C,T moy_T,T_moy C,x_train]
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424, def softmax(entrada):

425, #activation function applied to the hidden layer output
426, #higher wvalues become closer to 1 and lower values become closer to zero
A437. e x = np.exp(entrada - np.max{entrada))
428. return e x / e _x.sum()

429,

430. def PCA({x,nb_attributes):

431. #adapts the input by neglecting low-impact parameters
4332,

433. ¥_norm = normalize(x)

434,

435, #Covariance matrix

436, C = np.cov{np.transpose(x_norm))

437.

438. #(Covariance matrix eigenvalues

439, eigen values = np.linalg.eig(C)[@]

448, eigen vectors = np.linalg.eig(C)[1]

441.

4437, i=29

443, percentage = @

444, sum = np.sum(eigen values)

445,

446, #Mumber of attribute to be neglected

447 . while i<nb_attributes and percentage<?.9@:
448, percentage += eigen wvalues[i]/sum

449, i=i+l

458. neglect = i

451.

452, #Input without neglected attributes

453, % PCA = x_norm[:,:-neglect]

454,

455, #Mew number of input attributes

A456. nb_attributes -= neglect

457.

458. return [x _PCA, nb_attributes]

ara
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468. def prepare_training_validation(x_PCA,t):

461. #Divides input data into training and wvalidation sets
462,

463, x_full = x_PCA

464,

465. x = x_full[@:nb_class_train,:]

466. x_val = x_full[nb_class_train:nb_class,:]
467.

468. t_full = t

469.

478. t = t_full[@:nb_class_train,:]

471. t_ val = t_full[nb_class_train:nb_class,:]
472.

A73. ¥_full shuffle = x_full

474, t_full shuffle = t_full

475.

476. return [x,x val,t,t val,nb _class train,nb_class val,t full shuffle,x full shuffle]
a477.

478, def initialize weight(nl,n2):

479. #initialized trainig weights

439. rand = @

481. w = np.ones({np.int{nl),np.int(n2)))

482. for i in range(@,np.int(n2)):

483. for j in range(@,np.int{nl)):

484. rand = rd.uniform{-1,+1)

485. w[j,i] = rand

486. return w

487.

488. def initialize error(nl,n2):

489. #initializes training errors

498, e = np.zeros{(nl,n2))

491, return e
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493, def gradiente(var index,y pred, batch):
494, #turbo function gradient calculated through centered difference quotient
495, #Gradient = ( f(x+dx) - F(x-dx) )}/ 2dx
A96.
497, inf = le-7
498, input = np.abs(y_pred[var_index])
499, #F (x+dx)
508. upper_input = input + inf
5e1.
502. input_length = len(y_pred)
5@3. y_pred_prim = np.zeros{{(input_length})
584.
5@5. for i in range(input length):
586. if i==var_index:
5@7. y_pred prim[i] = upper_input
588. else:
5@9. y_pred_prim[i] = y_pred[i]
51@. upper = turbo(y_pred_prim, batch)
511.
512. #(x-dx)
513. lower_input = input - inf
514. for i in range{input length):
515. if i==var_index:
516. y_pred_prim[i] = lower_input
517. else:
518. y_pred_prim[i] = y_pred[i]
519. lower = turbo(y_pred_prim, batch)
528.
521. #( F(x+dx) - f(x-dx) )/ 2dx
522. return (upper[var_index]-lower[var_index])/(2*inf)
523.
524, def update_error_last(e,nl,n2,expected,output,output_orig,batch,outputl,alpha,classe,delt):
525. #updates the output layer error matrix
526. e old = e
527. e out = np.zeros{{np.int(n2),np.int(nl)))
528. for i in range(@,np.int{nl)):
529. for j in range(@,np.int(n2)):
530. delt[]j] = -(expected[classe,j]-output[j])*output[j]*(1l-output[]])
531. e out[j,1i] = delt[j]*outputl[i]*gradiente(]j, output_orig, batch)
532. #momentum term
533. e_out += alpha¥*e_old
534. return [e_out,delt]
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536. def update_error(e,nl,n2,expected,cutput,output_orig,batch,cutputl,output2,alpha,classe,delt,last,n3,w_final):

537. #lUpdates hidden layer error matrix

538. e_old = e

539. e_out = np.zeros((np.int(n2),np.int(nl)))
548. for i in range(@,np.int(nl))

541. for j in range(@,np.int(n2)):

542. soma = @

543. for k in range(@,np.int(n3)):
544. soma += delt[k]*w_final[k,j]
545. e_out[j,1i] = soma*output2[j]*outputl[i]*(1l-output2[j])
546. e_out += alpha*e_old

547. return e_out

548.

549. def update_weight{w,nl,n2,eta,e):

558. #lUpdates training weights

551. w_old = w

552. w = np.zeros((np.int(n2),np.int(nl)))
553. for i in range(@,np.int(nl))

554. for j in range(@,np.int(n2)):

555. w[j,i] = w_old[j,i] - eta*e[],i]
556. return w

557.

558. def update_parameter(par,mode):

559. #updates parameters alpha and eta

560. if mode=="alpha':

561. return max(par*alph,min_alpha)

562. else:

563. return max(alph*par,min_eta)

S6d.

565. def mean_sqr_error(MSE,expected,output,n_last,classe):
566. #Mean Squared Error

567. for i in range(np.int(n_last))

568. MSE = MSE + @.5*(expected[classe,i]-output[i])**2
569. return MSE
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571. def train(input,weightl,weight2,expected,delt,error?,error3, nb_class_train)
572. #trains MLP model
573.
574. epoch = 1 #initial epoch
575. epoch_vec = epoch #epoch vector, for visualizing
576. Ep = @ #initial mean squared error
577.
578. Ep = toll*2 #initial mean squared error
579.
58@. Ep_epoch = Ep #mean squared error by epoch, for visualizing
581.
582. eta = eta_@ #initial learning rate
583. alpha = alpha_@ #initial momentum term
584.
585. while(Ep>toll and epoch < max_cycles):
586.
587. rdt_C_inst = [] #compressor efficiency by epoch
588. rdt_turbine_inst = [] #turbine efficiency by epoch
589. rdt_meca_inst = [] #mechanical efficiency by epoch
590.
591. Ep_old = Ep_epoch #mean squared error by epoch, for visualizing
592, Ep = @ #initial mean squared error for each epoch
TREL
594, for classe in range(@,nb_class_train):
595.
596. batch = classe #instance analyzed
597.
598. #hidden layer
599. vl = np.matmul(input[classe,:],np.transpose{weightl))
600. vl = softmax(vl)
6e1.
602. #output layer
603. y_orig = np.matmul{vl,np.transpose{weight2))
604. y = turbo(y_orig, batch)
6@5.
606. #output layer error and weight update
607. errord = update_error_last(error3,n[1],n[2],expected,y,y_orig,batch,vl,alpha,classe,delt)[8]
608. delta = update_error_last{error3,n[1],n[2],expected,y,y_orig,batch,vl,alpha,classe,delt)[1]
609. weight2 = update weight(weight2,n[1],n[2],eta,error3)
610.
611. #hidden layer error and weight update
612. error2 = update_error(error2,n[@],n[1],expected,y,y orig,batch,input[classe],vl,alpha,classe,delta,False,n[2],weight2)
613. weightl = update weight(weightl,n[8],n[1],eta,error?)
614,
615. rdt_C_inst = np.append{rdt_C_inst,y[@]) #compressor efficiency by epoch
616. rdt_turbine_inst = np.append(rdt_turbine_inst,y[3]) #turbine efficiency by epoch
617. rdt_meca_inst = np.append(rdt_meca_inst,y[5]) #mechanical efficiency by epoch
618.
619. Ep = mean_sqr_error(Ep,expected,y,n[2],classe) #mean squared error by epoch, for visualizing
AR7A
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621. eta = update_parameter(eta, 'eta’) #update learning rate
622. alpha = update_parameter(alpha, 'alpha’) #update momentum parameter
623.
624. #epoch vector, for visualizing
625. epoch_old = epoch_vec
626. epoch = epoch+l
627. epoch_vec = np.append(epoch_old, epoch)
628.
629. Ep = Ep/(nb_class_train*2) #mean squared error for current epoch by training instance
630.
631. Ep_epoch = np.append(Ep_old, Ep) #mean squared error by epoch, for visualizing
632.
633. print( Epoch’,epoch, '/’ ,max_cycles)
634. pramt ] [=> . e ] - loss:',Ep)
635. print(y_orig)
636.
637. y_plot = turbo(y_orig, batch, 'plot’) #Plotting data
638.
639. return [Ep_epoch,weightl,weight2,rdt_C_inst,rdt_turbine_inst,rdt_meca_inst,epoch_vec,y_plot]
648.
641. ##Validation
642,
643. def validation(x_wval,wl,w2,t,rendement_compresseur_inst, rendement_turbine_inst, rendement_meca_inst,nb_class_val):
644. #evaluates trained model's performance on validation set
645.
646. Ep =@
647.
648, for classe in range(®,nb_class_val)
649.
650. #hidden layer
651. vl = np.matmul{x_val[classe,:],np.transpose(wl))
652. vl = softmax(vl)
653.
654. #instance analyzed
655. batch = classe
656.
657. #output layer
658. y_orig = np.matmul(vl,np.transpose(w2))
659. y = turbo(y_orig, batch)
660.
661. Ep = mean_sqr_error(Ep,t,y,n[2],classe) #mean squared error by epoch, for visualizing
662,
663. Ep = Ep/(nb_class_wval*2) #mean squared error for validation set
664.
665. return Ep

667. ## Multi-lLayer Perceptron

bb68.

669. def extract from file(case):

678. #extracts data from excel file data sheet

671.

672. if case==308:

673. sheet = open_xlrd( 'Dados Brutos 288.xlsx')
674, elif case==5808:

675. sheet = open_xlrd( 'Dados Brutos 588.xlsx')

676. extracted data = extract data(sheet)
6i7.

6/8. return extracted data

R0
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680. def MLP(input,output,nb _attributes):

681. #Multi-Layer Perceptron Model

682.

683. #Principal Component Analysis

684. pca = PCA{input,nb_attributes)

685. x PCA = pcal@]

686. nb_attributes = pca[l]

687.

688. n[@] = nb_attributes

689.

690. #Weight and Error Initialization

691. wl = initialize weight(n[1l],n[&])

692. w2 = initialize weight(n[2],n[1])

693.

694. e2 = initialize error{np.int(n[1]),np.int(n[@]))
695. e3d = initialize error{np.int(n[2]),np.int(n[1]))
696.

697. delta @ = np.zeros(np.int{n[2]))

693.

699. #Prepare for Training

709. training set = prepare training validation(x_ PCA,output)
701. ¥ = training_set[8]

702. ¥ _val = training set[1]

703, t = training set[2]

704, t val = training set[3]

705. nb_class _train = training set[4]

706. nb_class val = training set[5]

707. t _full shuffle = training set[&]

708. ®x_full shuffle = training set[7]

7@9.

718. #Training

711. train_set = train(x,wl,w2,t,delta 8,e2,e3,nb _class_train)
712.

713. Ep_epoch = train_set[8]

714.

715. #Trained Weights

716. wl = train_set[1]

717. w2 = train_set[2]

718.

719. #Trained efficiencies (Network Output)
728. rdt C inst = train_set[3]

721. rdt T inst = train_set[4]

722. rdt_meca_inst = train_set[5]

723, epoch_vec = train_set[&]

724. y_plot = train_set[7]

TIE
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726. validation_set = validation(x_val,wl,w2,t_val,rdt_C_inst,rdt_T_inst,rdt_meca_inst,nb_class_val)
727.
728. #Validation Results
729. Ep_validation = validation_set
730. rendement_compresseur_inst = rdt_C_inst
731. rendement_turbine_inst = rdt_T_inst
732. rendement_meca_inst = rdt_meca_inst
733.
734. return [epoch_vec,rendement_compresseur_inst,rendement_turbine_inst,rendement_meca_inst,y plot,Ep epoch,Ep_wvalidation,wl,w2,t full shuffle,x full shuffle]
735.
736. def predict(input,weightl,weight2,batch):
737. #predicts turbo charger real efficiencies for a given input
738.
739. #hidden layer
740. vl = np.matmul(input,np.transpose(weightl))
741. vl = softmax(vl)
742.
743. #output layer
744. y_orig = np.matmul(vl,np.transpose(weight2))
745. y_predict = turbo(y_orig, batch, mode='predict’)
746.
747. y = y_predict[@]
748.
749. #calculated heat transfers
750. heat_transfers = y_predict[1]
751.
752. #heat coefficients
753. h = np.array([np.abs(y_orig[@])*h_huile[batch]/18@,np.abs(y_orig[1])*h_huile[batch]/5@,

754. np.abs(y_orig[2])*h_huile[batch]/58,np.abs(y_orig[3])*h_huile[batch]/1@,

755. np.abs(y_orig[4])*h_huile[batch]/18@,np.abs(y_orig[5])*h_huile[batch]/18@,h_huile[batch]])
756.

757. return [h,y,heat_transfers]

759. ## ---> Start Training

760.

761. #opens sheet containing training parameters

762. mlp_parameter_sheet = open_xlrd('MLP_Parameters.xlsx')

763.

764. #extracts training parameters from excel sheet

765. alph = mlp_parameter_sheet.cell value(@®,1) #parameter correction rate

766. alpha_8 = mlp_parameter_sheet.cell value(1,1) #initial momentum parameter

767. eta_® = mlp_parameter_sheet.cell value(2,1) #initial learning rate

768. min_eta = mlp_parameter_sheet.cell value(3,1) #minimum learning rate

769. min_alpha = mlp_parameter_sheet.cell value{4,1) #minimum momentum parameter

770. proporcac_dados = mlp_parameter_sheet.cell value(5,1) #proportion of data used for training versus wvalidation
771. max_cycles = np.int(mlp_parameter_sheet.cell values(6,1)) #number of maximum epochs

772. toll = mlp_parameter_sheet.cell value(7,1) #tolerance to be reached through training

773. hidden_layer_neurons = mlp_parameter_sheet.cell value(8,1) #number of neurons in hidden layer

774. nb_class_3080 = np.int(mlp_parameter_sheet.cell value(9,1)) #number of instances for the 388°C case
775. nb_class_5808 = np.int(mlp_parameter_sheet.cell value(18,1)) #number of instances for the 588°C case
776. nb_attributes = np.int(mlp_parameter_sheet.cell value(11,1)) #number of attributes

777

778. n = np.zeros(3) #vector containing the number of neurons per layer

779. n[1] = hidden_layer_neurons

780. | n[2] = &

781.

782. #for both cases

783. for i in range(2):

784.

785. if i==1:

786. case = 388

787. nb_class = nb_class_388

788. else:

789. case = 588

790. nb_class = nb_class_58@

791.

792. #define training and wvalidation sets

793. nb_class_train = round(proporcao_dados*nb_class)
794. nb_class_wval = nb_class - nb_class_train

795.

796. #extract input data from Excel file

797. extracted_data = extract_from_file(case)

798.

799. if i==1:

800. x_308 = extracted_data[23] #normalized 388°C input
801. regime_388@ = extracted_data[14] #RPM

8ez. else:

8@3. ®_580 = extracted_data[23] #normalized 580°C input
804. regime_588 = extracted_data[14] #RPM

onC
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806. ¥_norm = extracted_data[@] #normalized input
8e7. t = extracted data[l] #desired output
808. Te C = extracted data[2] #input compressor temperature
809. Ts_C = extracted_data[3] #output compressor temperature
818. Te T = extracted_data[4] #input turbine temperature
811. Ts_T = extracted_data[5] #output turbine temperature
812. T _h = extracted data[6] #input oil temperature
813. Text = extracted_data[7] #cabin temperature
814. Pe C = extracted_data[8] #input compressor pressure

815. Ps_C = extracted_data[9] #output compressor pressure

816. Pe T = extracted data[1@] #input turbine pressure

817. Ps_ T = extracted_data[ll] #output turbine pressure

818. Dm_C = extracted_data[l2] #compressor mass flow

819. Dm_T = extracted_data[l3] #turbine mass flow

820. regime = extracted data[14] #RPM

821. Pext = extracted_data[l5] #cabin pressure

822. Tp_ext_T_wolute = extracted_data[l6] #external turbine volute wall temperature
823. Tp_ext_C _wolute = extracted_data[l7] #external compressor volute wall temperature
824. Dm_h = extracted data[18] #0il mass flow

825. EV T = extracted data[19] #turbine valve opening

826. EV_C = extracted_data[2@0] #compressor wvalve opening

827. T_moy_T = extracted_data[21] #mean turbine flow temperature

828. T moy C = extracted data[22] #mean compressor flow temperature
829.

839, #correlation coefficients

831. correlation_coefs = correlation()

832.

833. cor_h_ T PT = correlation_coefs[@] #Turbine / Turbine Plateau

834. cor_h_ext T =correlation_coefs[1] #Turbine / Qutside

835. cor_h_ext_PT =correlation_coefs[2] #Turbine Plateau / Outside
836. cor_h_C _PC =correlation_coefs[3] #Compressor / Compressor Plateau
837. cor_h_ext C =correlation_coefs[4] #Compressor / Outside

838. cor_h_ext_cc =correlation_coefs[5] #Central Body / Outside

839. h_huile = correlation_coefs[6] #0il
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841. if i==1:
842. cor_h T PT 388 = cor_h T PT #Turbine / Turbine Plateau
843. cor_h_ext T 308 = cor_h_ext T #Turbine / Outside
844. cor_h_ext PT_38@ = cor_h_ext_PT #Turbine Plateau / Outside
845. cor_h C PC 388 = cor_h C PC #Compressor / Compressor Plateau
846. cor_h_ext C 300 = cor_h_ext C #Compressor / Outside
847. cor_h_ext _cc_38@ = cor_h_ext_cc #Central Body / Outside
848. h_huile 388 = h_huile #0il
849. else:
850. cor_h_T_PT 5808 = cor_h_T_PT #Turbine / Turbine Platea
851. cor_h_ext T 588 = cor_h_ext T #Turbine / Outside
852. cor_h_ext PT 588 = cor_h_ext PT #Turbine Plateau / Dutside
853. cor_h_C PC 580 = cor_h_C_PC #Compressor / Compressor Plateau
854. cor_h_ext C 5808 = cor_h_ext C #Compressor / Outside
855. cor_h_ext _cc 588 = cor_h_ext cc #Central Body / Outside
856. h_huile 588 = h_huile #0il
857.
858. powers = independent_powers()
859.
860. if i==1:
861. powers_308 = powers
862. else:
863. powers_588 = powers
864.
865. P T = powers[8] #Turbine power
866. P Tis = powers[1l] #Turbine isentropic power
867. Q R T = powars[2] #Turbine radiated power
868. P C = powers[3] #Compressor power
869. P Cis = powers[4] #Compressor isentropic power
870. Q R _C =powers[5] #Compressor radiated power
871.
872. if i==1:
873. taux_de _comp_c_388 = powers[6][@:nb_class_train] #Compressor Compression rate
874. taux_de detente_t 3008 = powers[7][@:nb_class_train] #Turbine Compression rate
875. else:
876. taux_de_comp_c_588 = powers[6][@:nb_class_train] #Compressor Compression rate
877. taux_de_detente_t 5808 = powers[7][@:nb_class_train] #Turbine Compression rate
878.
879. trained_set = MLP{x_norm,t,nb_attributes)
880.
881. epoch_vec = trained set[@]
an’d
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if i==1:

rendement_compresseur_inst 308 = trained set[1] #compressor efficiency by epoch
rendement_turbine inst 388 = trained set[2] #turbine efficiency by epoch
rendement_meca_inst_388 = trained_set[3] #mechanical efficiency by epoch
y_plot_388 = trained_set[4]
Ep_epoch 388 = trained _set[5] #mean squared error by training epoch
Ep validation 308 = trained set[6] #mean squared error by wvalidation epoch
weightl 388 = trained set[7] #trained weights from input to hidden layer
weight?_380 = trained_set[8] #trained weights for hidden layer to output
t_full_shuffle 388 = trained_set[9][@:nb_class_train]
¥ _full shuffle 3808 = trained set[18]

else:
rendement_compresseur_inst_588 = trained_set[1] #compressor efficiency by epoch
rendement_turbine_inst_588 = trained_set[2] #turbine efficiency by epoch
rendement_meca_inst_588 = trained_set[3] #mechanical efficiency by epoch
y_plot 588 = trained set[4]
Ep_epoch 580 = trained set[5] #mean squared error by training epoch
Ep_validation_588 = trained_set[6] #mean squared error by validation epoch
weightl 580 = trained_set[7] #trained weights from input to hidden layer
weight? 580 = trained set[8] #trained weights for hidden layer to output
t full shuffle 588 = trained set[9][@:nb_class train]
¥_full shuffle 588 = trained_set[18]

#Predict Random case

#300°C
occurence_388 = rd.randint{@,nb_class_38@-1)
prediction_388 = predict(x_3@8[occurence_308][:-3],weightl_3088,weight2_ 388,cccurence_388)

predicted convection coefs 308 = prediction 308[@]
predicted efficiencies 388 = 180*prediction_308[1]
heat_transfers_388 = prediction_388[2]

#580°C
occurence 580 = rd.randint(@,nb _class 5808-1)
prediction_588 = predict(x_588[occurence_588][:-4],weightl 588,weight? 588,occcurence_58@)

predicted_convection_coefs_588 = prediction_588[8]
predicted efficiencies 588 = 18@*prediction_ 588[1]
heat_transfers 588 = prediction 588[2]
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## Plots
toll vec = toll*np.ones(max_cycles)
#Modelled vs Expected 308°C and 588°C
plt.figure(1)
#Mechanical Efficiencies x Expansion Rate
plt.subplot(331)
plt.scatter (taux_de_detente_t_398,rendement_meca_inst_308,c="blue’,label="308°C")
plt.scatter (taux_de_detente_t_588,rendement_meca_inst_588,c="red',label="530°C")
plt.scatter (taux_de detente t 308,t full shuffle 38@[:,4],c="blue’,label="308°C" ,marker="+")
plt.scatter (taux_de detente t 588,t full shuffle 588[:,4],c="red',label="588°C" ,marker="+")

plt
plt

.xlabel( 'expansion rate’)
.ylabel( 'mechanical sfficiency’)

#Compressor Efficiencies x Compression Rate

plt.
plt
plt
plt.
plt.
plt.
plt.

subplot(332)

.xlabel( ' compression rate')
.ylabel( ' compressor sfficiency’)

scatter (taux_de_comp_c_388,rendement_compresseur_inst_308,c="blue’,label="380°C")
scatter (taux_de_comp_c_588,rendement_compresseur_inst_588,c="red',label="588°C")
scatter (taux_de_comp_c_388,t full shuffle_300[:,8],c="blue’',label="308°C" ,marker="+")
scatter (taux_de comp_c_588,t full shuffle 588[:,8],c="red’,label="588°C",marker="+")

#Turbine Efficiencies x Expansion Rate

plt.
plt.
plt.
plt.
plt.
plt
plt

subplot(333)

scatter (taux_de_detente_t_388, rendement_turbine_inst_308,
scatter (taux_de detente t 588, rendement turbine inst 588,
scatter (taux_de detente t 308, t full shuffle 3@8[:,2], c="
scatter (taux_de detente t 588, t full shuffle 588[:,2], c='
.xlabel( 'expansion rate’)

.ylabel( turbine efficiency’)

#Temperature evolution law for the last input instance

plt.

subplot (334)

x1=np.linspace(8,8.08161,58)
x2=np.linspace(8.8101,8.8512,280)
¥3=np.linspace(®.8512,08.86513,58)
¥_plot=np.concatenate((xl,x2,x3),axis=0)

plt.
plt.
plt.
plt.

scatter(x_plot,y plot 3@@,c="blue’,label="388°C")
scatter(x _plot,y plot 588,c="red’,label="588°C")
xlabel( 'position”)

ylabel( ' Temperature(K)")

c="blue’,label="386°C")
c="red’,label="583°C")
blue',label="3868°C" ,marker="+")
red',label="588°C" ,marker="4+")
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#Mean Squared Error by Epoch
plt.subplot (335)

plt.plot(epoch_vec,toll vec,c="black')
plt.xlabel( 'Epochs")

blue patch = mpatches.Patch(color="blue', label='Mean Squared Error 388°C")
red_patch = mpatches.Patch(color="red', label='Mean Squared Error 580°C")
black _patch = mpatches.Patch{color="black', label='Tolerance')
plt.legend({handles=[blue_patch, red patch, black_patch])

plt.plot(epoch_vec, Ep_epoch_38@, ¢ = 'blue’)
plt.ylabel('Mean Squared Error')

print({“"Mean Squared Error on the output validation layer for input turbine temperature at 380°C:")

print(Ep validation_388)

plt.plot(epoch_vec, Ep epoch 588, ¢ = 'red’)
plt.ylabel('Mean Squared Error’)

print({"Mean Squared Error on the output validation layer for input turbine temperature at 58@°C:")

print(Ep_validation_588)

#Modelled vs Expected 388°C
plt.figure(2)

#Mechanical Efficiencies x Expansion Rate

plt.subplot(341)

plt.scatter (taux de detente t 388,rendement meca inst 380,c='blue’,label="388°C"}
plt.scatter (taux de detente t 388,t full shuffle 36@[:,4],c="blue’,label="308°C" ,marker="+")
plt.xlabel( 'expansion rate')

plt.ylabel( 'mechanical efficiency")

#Compressor Efficiencies x Compression Rate

plt.subplot(342)

plt.xlabel( ' compression rate")

plt.ylabel('compressor efficiency’)

plt.scatter (taux de comp c_388,rendement compresseur inst 388,c='blue’',label="388°C")
plt.scatter (taux_de_comp_c_380,t full shuffle_300[:,8],c="blue’,label="388°C" ,marker="4+")

#Turbine Efficiencies x Expansion Rate

plt.subplot(343)

plt.scatter (taux_de_detente_t_388, rendement_turbine_inst_308, c="blue’',label="388°C")
plt.scatter (taux_de detente t 388, t full shuffle 388[:,2], c="blue',label="388°C",marker="+")
plt.xlabel( 'expansion rate')

plt.ylabel( ' turbine efficiency’)
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1e14. #Temperature evolution law for the last input instance

1815. plt.subplot (345)

1016. x1=np.linspace(®,8.0181,58)

1017. x2=np.linspace(®.8101,0.9512,280)

1813, x3=np.linspace(®.8512,0.9513,58)

1819. ¥_plot=np.concatenate((xl,x2,x3),axis=0)

1828. plt.scatter(x_plot,y plot 38@,c="blue’,label="380°C")

1821. plt.xlabel( position’)

1822. plt.ylabel( Temperature(K)")

1@23.

124, #Mean Squared Error by Epoch

1825. plt.subplot (348)

1826. plt.plot(epoch_vec,toll vec,c="hlack")

1827. plt.xlabel( Epochs’)

1828. blue patch = mpatches.Patch(color="blue', label='Mean Squared Error 386°C")

1829. black patch = mpatches.Patch{color="black', label="Tolerance'}

1838. plt.legend(handles=[blue patch, black patch])

1031. plt.plot(epoch_vec, Ep epoch 388, c = 'blue’)

1832. plt.ylabel( 'Mean Squared Error’)

1a33.

1834. #Modelled vs Expected 588°C

1835. plt.figure(3)

1@36.

1837. #Mechanical Efficiencies x Expansion Rate

1833, plt.subplot(351)

1@39. plt.scatter (taux_de_detente_t_588,rendement_meca_inst_588,c="red',label="588°C")
1048, plt.scatter (taux_de_detente_t_580,t full shuffle 588[:,4],c="red"',label="588%C" ,marker="+")
1041. plt.xlabel( expansion rate’)

1042, plt.ylabel( 'mechanical efficiency’)

1@43.

144, #Compressor Efficiencies x Compression Rate

1845, plt.subplot(352)

1846. plt.xlabel( compression rate")

1847. plt.ylabel( compressor efficiency’)

1248. plt.scatter (taux_de comp_c_588,rendement compresseur_inst 58@8,c="red’,label="530°C")
1849, plt.scatter (taux de comp_c 588,t full shuffle 588[:,8],c="red’,label="588°C" ,marker="+")
1a58.

1a51. #Turbine Efficiencies x Compression Rate

1852. plt.subplot(353)

1a53. plt.scatter (taux de detente t 588, rendement_ turbine inst 588, c='red',label="588°C")
1854. plt.scatter (taux_de_detente_t_588, t_full shuffle 588[:,2], c="red',label="588°C",marker="+")
1@55. plt.xlabel( 'expansion rate’)

1856. plt.ylabel( turbine efficiency’)
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1858. #Temperature evolution law for the last input instance

1859. plt.subplot (354)

1860. x1=np.linspace(8,08.8101,58)

1861. x2=np.linspace(©.06101,0.8512,2080)

1862. ¥3=np.linspace(©.6512,8.8613,58)

1863. ¥*_plot=np.concatenate({{x1,x2,x3),axis=8)

1864, plt.scatter(x_plot,y_plot 588,c="red’,label="588°C")

1865, plt.xlabel{ position")

1966. plt.ylabel{ ' Temperature(K)"')

1@67.

1268. #Mean Squared Error by Epoch

1869. plt.subplot (355)

1878. plt.plot(epoch_vec,toll_vec,c="hlack")

1871. plt.xlabel{ "Epochs")

1072, red_patch = mpatches.Patch{color="red", label="Mean Sguared Error 588°C")

1873. black_patch = mpatches.Patch{color="black", label='Tolerance')

1874. plt.legend{handles=[red_patch, black_patch])

1875. plt.plot(epoch_vec, Ep epoch 588, ¢ = "red')

1876. plt.ylabel{ 'Mean Squared Error’)

1877.

1878. #Modelled 300°C vc Modelled 588°C

1879. plt.figure{d)

1230,

1a81. #Mechanical Efficiencies x Expansion Rate

1882. plt.subplot(361)

1883. plt.scatter (taux_de detente t 388,rendement meca_inst 388,c="blue",label="38a°C")
10384, plt.scatter (taux_de detente t 588,rendement meca inst 588,c='red’,label="588°C")
1885, plt.xlabel( 'expansicn rate')

1886. plt.ylabel{ ‘mechanical efficiency’)

1087.

1088. #Compressor Efficiencies x Compression Rate

1889. plt.subplot(362)

1898. plt.xlabel{ compression rate’)

1091. plt.ylabel{ ' compressor efficiency’)

1092, plt.scatter (taux_de comp_ c_388,rendement_compresseur inst 3@8@,c="blue’,label="388°%C")
1893. plt.scatter (taux_de_comp_c_588,rendement_compresseur_inst_588,c='red’,label="588°C")
1094,

1895. #Turbine Efficiencies x Compression Rate

1896. plt.subplot(363)

1897. plt.scatter (taux_de_detente_t_308, rendement_turbine_inst_388, c="blue',label="3088°C")
1898. plt.scatter (taux_de_detente_t_588, rendement_turbine_inst_5808, c="red’,label="588°C")
1999. plt.xlabel{ 'expansion rate')

11a8. plt.ylabel{ 'turbine efficiency")
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1102. #Temperature evolution law for the last input instance

1103. plt.subplot (364)

1184. x1=np.linspace(@,8.0101,50)

1105. x2=np.linspace(©.8101,0.08512,280)

1106. x3=np.linspace(@.8512,0.0613,58)

1107. x_plot=np.concatenate((x1,x2,x3),axis=8@)

1108. plt.scatter(x_plot,y plot_38@,c='blue’,label='308°C")

1109. plt.scatter(x_plot,y plot_588,c="red’,label="588°C")

1118. plt.xlabel( position")

1111. plt.ylabel{ Temperature(K)')

1112.

1113. #Mean Squared Error by Epoch

1114. plt.subplot (335)

1115. plt.plot(epoch_vec,toll_vec,c="black")

1116. plt.xlabel( Epochs")

1117. blue_patch = mpatches.Patch(color="blue’, label='Mean Squared Error 388°C")
1118. red_patch = mpatches.Patch(color="red', label="Mean Sguared Error 389°C")
1119. black_patch = mpatches.Patch{celor="black', label='Tolerance')
1128. plt.legend{handles=[blue patch, red patch, black patch])

1121. plt.plot(epoch_vec, Ep_epoch_380, c = 'blue’)

1122. plt.ylabel( 'Mean Squared Error')

1123. plt.plot(epoch_vec, Ep_epoch_58@, c = "red’)

1124, plt.ylabel('Mean Squared Error')

1125.

1126. #Convection Coefficients (Correlation and Model), Efficiencies and Heat Exchanges

1127. fig,axs = plt.subplots (4,1)

1128.

1129. #Correlation Convection Coefficients

1130. row = ['380°C", 580°C"]

1131. columns = ["RPM", cor_h T _PT", cor_h_ext_T', cor_h_ext PT", cor_h C PC’, 'cor_h ext C', cor_h_ext_cc’, cor_h huile']
1132.

1133. cell_text = [[np.int(regime_30@[occurence_38@]),np.int({cor_h_T_PT_380[occurence_308]),

1134. np.int{cor_h_ext_T_3@@[occurence_38@]),np.int(cor_h_ext_PT_308[cccurence_3088]),

1135. np.int{cor_h_C_PC_3@@[occurence _3@@]),np.int(cor_h_ext_C_3@8[occurence_3080]),

1136. np.int(cor_h_ext cc_388[occurence_308]),np.int(h_huile 3@8[occurence 308])],[np.int(regime_588[occurence_588]),np.int(cor_h T _PT 588[occurence 588]),
1137. np.int{cor_h_ext_T_588[occurence_580]),np.int(cor_h_ext_PT_588[occurence_58@]),

1138. np.int{cor_h_C_PC_588[occurence_58@]),np.int(cor_h_ext_C_58@[occurence_588]),

1139. np.int{cor_h_ext_cc_588[occurence_588]),np.int(h_huile_588[occurence_588])]]

1148.

1141. axs[@].axis( tight")

1142. axs[0].axis( off")

1143.

1144. result_table = axs[@].table(cellText=cell_text,
1145. rowlabels=rou,

1146. collabels=columns,

1147. loc="bottom")

1148.

1149. result_table.auto_set_font_size(False)
115@. result_table.set_fontsize(1@)

1152. #Modelled Convection Coefficients

1153. | row = ['300°C", '580°C"]

1154. columns = ['RPM', "h_T_PT', 'h_ext_T', h_ext PT','h_C_PC", h_ext_C', 'h_ext_cc’, h_huile']
1155.

1156. cell_text = [[np.int(regime_3@@[occurence_380@]),np.int(predicted_convection_coefs_3@8@8[8]),
1157. np.int(predicted_convection_coefs_308[1]),np.int(predicted_convection_coefs_3088[2]),
1158. np.int(predicted_convection_coefs_3@8[3]),np.int(predicted_convection_coefs_30@8[4]),
1159. np.int(predicted_convection_coefs_308[5]),np.int(predicted_convection_coefs_308[6])],[np.int(regime_58@[occurence_580]),np.int(predicted_convection_coefs_5808[2]),
1168. np.int(predicted_convection_coefs_58@[1]),np.int{predicted_convection_coefs_588[2]),

1161. np.int{predicted_convection_coefs_588[3]),np.int(predicted_convection_coefs_588[4]),

1162. np.int(predicted_convection_coefs_588[5]),np.int(predicted_convection_coefs_588[6])]

1163.

1164. axs[1].axis( tight")

1165. axs[1].axis( off")

1

1166.

1167. result_table = axs[1].table(cellText=cell_ text,
1168. rowLabels=row,

1169. collabels=columns,

1178. loc="bottom")

1171.

1172. result_table.auto_set_font_size(False)

1173. result_table.set_fontsize(18)

1174.

1175. #Efficiencies

1176. | row = ['30@°C",'580°C"]

1177. columns = ['Compressor’, ' Turbine', "Mechanical’]

1178.

1179. cell_text = [[np.int(predicted_efficiencies_3@8[@]),np.int(predicted_efficiencies_38@[1]),np.int(predicted_efficiencies_3@a[2])],
[np.int(predicted_efficiencies 588[@]),np.int(predicted_efficiencies_58@[1]),np.int{predicted_efficiencies_5388[2])]]

118e.

1181. axs[2].axis( tight")

1182. axs[2].axis( off")

1183.

1184. result_table = axs[2].table(cellText=cell text,
1185. rowLabels=row,

1186. collabels=columns,

1187. loc="bottom")

1188.

1189. result_table.auto_set_font_size(False)
1190. result_table.set_fontsize(18@)
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1192.
1193.
1194.
1195.
1196.
1197.
1198.
1199.
1200.
1201.
1202.
1203.
1204.
12@5.
1206.
1207.
1208.
12@9.
121@.
1211.
1212.
1213.
1214.
1215.
1216.
1217.
1218.
1219.

i RAPOSO DE ALMEIDA, M./ Evaluation of heat CENTRALE
EESC - USP transfer phenomena in a turbo charger using NANTES

Escola de Engenharia de Sao Carlos

Unvretdaco do S50 oo artificial neural networks

#Heat Exchanges
row = ['308°C", '580°C" ]
columns = ['P_T',"P_Tis', 'Q R_T','P_arbre_T','Q ext_T',"Q T_PT',"P_f','Q ext_PC','Q cond_fin_PC', Q ext_C','P_arbre_C',"Q_R_C','P_Cis','P_C']

cell text = [[np.int(powers_38@[@][occurence_38@8]),np.int(powers_3@@[1][cccurence_38@]),np.int(powers_3@0@[2][occurence 3@0]),np.int(heat_transfers_3@0[&]),
np.int{heat_transfers_300[1]),

np.int(heat_transfers_300[2]),np.int(heat_transfers_300[3]),np.int{heat_transfers_300[4]),
np.int(heat_transfers_300[5]),np.int(heat_transfers_308[6]),np.int(heat_transfers_3@0[7]),
np.int(powers_308[5][occurence_308]),np.int(powers_300[4][occurence_308]),np.int(powers_308[3][occcurence_308@])], [np.int(powers_588[@][occurence_580]),
np.int{powers_588[1][occurence_588]),np.int(powers_588[2][occurence_588]),np.int(heat_transfers_588[@]),np.int(heat_transfers_580[1]),
np.int(heat_transfers_580[2]),np.int(heat_transfers_588[3]),np.int({heat_transfers_580[4]),
np.int(heat_transfers_588[5]),np.int(heat_transfers_588[6]),np.int({heat_transfers_580[7]),
np.int(powers_588[5][occurence_588]),np.int(powers_580[4][occurence_58@8]),np.int(powers_58@[3][occurence_58@])]]

axs[3].axis( tight")

axs[3].axis( off")

result_table = axs[3].table(cellText=cell_text,
rowlabels=row,
collabels=columns,
loc="bottom")

result_table.auto_set_font_size(False)
result_table.set_fontsize(10)

plt.show()

print("--- %s seconds ---" % (time.time() - start_time))
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