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ABSTRACT

Data-driven (DD) methods offer a promising pathway towards novel modelling solutions in fluid flow and
heat transfer. In this study, we investigate the application of DD neural network (NN) methods on wall
heat transfer modelling in the context of wall-modelled large-eddy simulation (WMLES) in engines, fo-
cusing on the systematic evaluation of criteria for the successful DD model generation. High-fidelity input
data for model training and testing is generated by spatial filtering of DNS and wall-resolved LES fields
in several engine and engine-like configurations. The NN-based models are constructed using different
input data and wall-adjacent cell schemes, while cell size and network complexity are also varied. The
evaluated NN-based models demonstrate improved performance with respect to classical wall functions,
indicating promising potential for engineering applications. In particular, better modelling results were
obtained with the inclusions of a wall-normal cell Reynolds number and of data from the second wall-
normal cell. Such a two-cell input format appears to offer a good compromise between performance and
complexity. Both the present NN models and literature reference approaches generally perform better in
unburned regions than in burned ones. In near-wall regions with flame fronts, we present an analysis di-
viding samples into “unburned”, “burned”, and “flame boundary” zones exposing different characteristics

and a varying degree of modelling difficulty.

© 2021 The Authors. Published by Elsevier Ltd.

This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/)

1. Introduction

In recent years, data-driven methods based on machine learn-
ing and deep learning (DL) have attracted a lot of interest in fluid
dynamics problems [1,2]. Data-driven models are particularly at-
tractive for describing processes where there are no obvious model
closure equations. For computational fluid dynamics (CFD), in ad-
dition to the challenging identification of the model closures that
are well-suited for a statistical description, the application of DD
methods hinges upon the availability of high-fidelity data which
are typically difficult to obtain with sufficient temporal and spa-
tial resolution. For Large-Eddy Simulation (LES) the requirements
in terms of high-fidelity data needs are higher than for Reynolds-
Averaged Navier-Stokes (RANS) because data is required at spa-
tially and temporally-resolved scales. Neural networks (NN) have
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been successfully applied for subgrid scale (SGS) modelling for
LES using Direct Numerical Simulation (DNS) data [3-6]. Overall,
a trend of employing increasingly advanced network architectures
is observed, for example with physics-informed networks “perceiv-
ing” physics-based properties such as conservation of mass and
momentum [7].

Wall-modelled LES (WMLES) is a modern, highly relevant ap-
proach for engineering applications wherein the considerable near-
wall resolution requirements of LES are dramatically reduced,
hence extending the Reynolds number range of scale-resolving
simulations [8]. The wall models attempt to predict wall shear
stress and wall heat flux, and are often based on simplified ver-
sions of the governing equations or equivalent algebraic profiles
(wall functions). Although several novel approaches have been re-
cently proposed (see for example [9,10]), such developments are
often focused on wall shear stress rather than on heat transfer.
While equilibrium assumptions may be applicable in certain cases,
many complex flows deviate considerably therefrom. In internal
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combustion (IC) engine flows, deviation from classical near-wall
flow profiles has been observed both experimentally [11,12] and
numerically [13]. In such flows, wall models incorporating non-
equilibrium effects [14,15] have demonstrated promising improve-
ments to classical models based on wall functions. However, de-
spite known deficiencies, classical wall functions (e.g. [16,17]) or
even no-model approaches (e.g. [18,19]) are frequently employed
in LES of IC engines.

Assessing the correctness of IC engine wall models locally is
non-trivial due to limited availability of high-fidelity data. Only
few experimental IC engine near-wall velocity measurements ex-
ist [11,12], and the authors are not aware of any high-fidelity
time-resolved descriptions of wall heat flux and concurrent near-
wall temperature profiles. The recent emergence of DNS and wall-
resolved LES data in real IC engines [20,21] and engine-like con-
figurations [13] enables the detailed investigation of boundary lay-
ers; the latter data have been successfully employed to assess wall
modelled LES approaches [22]. Even in this case, however, system-
atic statistical analyses are challenged by (i) the scarcity of spa-
tially homogeneous regions in the combustion chamber, (ii) the
considerable temporal variation within the engine cycles, and es-
pecially (iii) the prevalence of chemical reactions in situations with
the highest heat fluxes. While the construction of accurate wall
models for IC engines is challenging, it is also considered critical
by both academic and industrial communities [22,23].

In the context of channel flow LES, NN applications with
promising perspectives start to appear for momentum boundary
layers [24,25] and wall heat flux [26]. A first data-driven step for
IC engines was recently undertaken by the authors with the intro-
duction of an algebraic wall heat transfer (WHT) model [27].

1.1. Study objectives

In the current work, we present a data-driven neural network
WHT model for WMLES, developed using high-fidelity simulation
data from both real IC engines (operated under motored as well
as fired conditions) and engine-like configurations. To the best of
our knowledge, this is the first attempt of using a neural network
for the development of local wall heat flux models for LES of IC
engines. In addition, the main contribution of the work is to ex-
amine the factors impacting the functionality of such models by
addressing the considerations that should be made when applying
data-driven approaches to develop models for complex flows such
as those encountered in IC engines.

We present a systematic assessment of various aspects related
to the chosen data-driven approach and its successful develop-
ment, addressing:

1. The influence of data selection and choice of input features
(both flow variables and their location).

2. How to consistently compare performance of different neural
network topologies.

3. How to assess performance for different system states (reactive
and non-reactive).

The performance indicators of such seemingly abstract param-
eters can be connected with the underlying flow physics, such
as the spatial distance of information exchange (i.e. the integral
length scale). Beyond IC engines, the present analyses and parame-
ter sensitivities are useful for the description of complex flow and
heat transfer processes with data-driven methods.

The paper is structured as follows: first, the data sets for model
generation and benchmarking are presented in Section 2. Special
attention is paid to a meaningful division into training and testing
sets, in order to appropriately account for different fluid flow and
thermochemical conditions. Section 3 describes the basics of WHT
modelling and presents existing methods that are later used as a
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reference. Section 4 describes the construction of artificial neural
network WHT models, including input feature configuration and
network choice. Section 4.4 reports how the generated networks
perform in WHT modelling and discusses how the performance de-
pends on network complexity, thermochemical (unburned/burned)
state, and WMLES filter specifications (grid size and aspect ratio).
Finally, Section 5 provides answers to the research questions.

2. Data and pre-processing

As the choice of data plays a pivotal role in DD model devel-
opment and only few wall-resolved simulations in real IC engines
or engine-like, confined geometries exist at present, this section
summarizes the respective configurations and datasets, and pro-
vides a short description of the numerical platforms used to ob-
tain them. For details, the reader is referred to the corresponding
references. Filtering procedures applied to the datasets are subse-
quently detailed, in addition to the data splitting into training and
testing sets. Finally, to reduce the sensitivity of performance eval-
uation metrics, clustering of the samples by their thermochemical
state is discussed.

2.1. Input data

In data-driven models, availability and quality of the input data
have a primary influence on model performance. Recent DNS and
wall-resolved LES simulation results from three setups are used in
this study, which were generated with the spectral element code
Nek5000 [28]. The setups consist of one canonical turbulent pre-
mixed flame in a confined cylindrical geometry and two IC en-
gines: the TCC-III optical engine [29] and the Darmstadt optical
engine [12] (Fig. 1). In the rest of the paper, the datasets will be
referred to as TCC, Syngas, TUD-NR and TUD-R with the last two
sharing the same engine geometry under non-reactive (i.e. motor-
ized operation) and reactive (i.e. fired operation) conditions. A brief
description of the datasets follows.

2.11. TCC dataset

The TCC dataset is obtained from multi-cycle high-fidelity wall-
resolved LES [21] of the TCC-IIl two-valve pancake engine which
has a bore of D =92 mm and stroke H =86 mm. It is operat-
ing at motored conditions with intake pressure P,q = 0.95 bar
and at an engine speed 500 rpm; the walls are considered isother-
mal at a temperature T,, = 500 K. The valve timing of the simu-
lated operating conditions has been slightly modified compared to
the experimental one [29] to facilitate multiple-cycle simulations
with the low Mach number solver Nek5000 by avoiding valve over-
lap [21]. The samples for model development are extracted from a
32 x 32 mm? square centrally-located on the piston surface and a
16 x 64 mm? rectangle on the cylinder head between the valves.
Nine evenly spaced time-steps between —40° CA and TDC are con-
sidered. To improve the statistics, the data are collected from five
engine cycles. As the datasets on the piston and head statistically
showed only minor differences in terms of filtered wall heat trans-
fer PDF (particularly close to TDC) — probably due to the pancake
shape — both datasets have been merged into a single dataset that
will be denoted as TCC.

2.1.2. Syngas dataset

Syngas data at reactive conditions are obtained from the DNS
of a lean (¢ = 0.3) syngas-air turbulent premixed flame (mole
fraction ratio Xcg : Xy =3) in a closed cylindrical domain (D =
75 mm, H =30 mm) designed to emulate an engine geometry
during the late compressions stroke [30]. The initial temperature
and pressure are 820 K and 1 bar and the no-slip inert walls are
isothermal (T, = 550 K). Homogeneous isotropic turbulence with
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Fig. 1. The three configurations used to generate the data. From left to right: TCC III, Syngas, and TU Darmstadt. The images are mainly illustrative of the configuration and
the quantities shown are: TCC III: wall heat flux and temperature; Syngas: Flame iso-surface coloured by velocity; TU Darmstadt: wall heat flux and temperature.

two initial turbulence intensities (v'/S; = 2 and 6 and /37 = 2) are
considered [31] where §; = 1.1 mm and S; = 1.38 m/s are the lam-
inar flame thickness and speed, respectively. The mixture is ignited
using the equilibrium solution in a centrally-located sphere with a
diameter d = 4.5 mm. The sampling surface is a 50 x 50 mm? cen-
tral square on the top and bottom walls. The data are extracted at
different times as the flame front proceeds towards the walls and
after the head-on wall impingement so that samples both in the
presence and absence of the flame in the wall vicinity are consid-
ered in the Syngas dataset.

2.1.3. TUD-NR and TUD-R datasets

The TU Darmstadt (TUD) data are obtained from the DNS of
a single compression stroke in the TUD four-valve pent-roof op-
tical engine (D =86 mm, H =86 mm) under both motored and
fired conditions with P4 = 0.4 bar operating at 800 rpm. The
conditions correspond to test case B of the experimental test ma-
trix reported in Ding et al. [12]. Both motored and fired DNS
runs have been initialized at inlet valve closure (IVC) (—130° CA),
where the initial fields of velocity, temperature and composition
have been obtained from a dedicated auxiliary multi-cycle LES cal-
ibrated against experimental data. For a detailed description of the
DNS-LES simulation workflow the reader is referred to [20]. Un-
der motored conditions the working fluid is pure air and the in-
cylinder wall temperature is fixed to 333 K. Under fired conditions,
the intake composition is a homogeneous stoichiometric CH4-air
mixture and the measured wall temperature has been imposed. For
the piston surface a constant temperature of 570 K has been pre-
scribed. The spark timing has been set at —22.2° CA and the mix-
ture is ignited using the equilibrium solution in a sphere located
between the spark-plug electrodes with a diameter d = 1.5 mm. In
order to keep the computational cost at an affordable level (around
10 million core-hours for the advancement of the reactive simula-
tion from —22.2° CA to TDC), a two-step reduced chemical mecha-
nism [32] has been employed, with the pre-exponential factors and
activation temperatures adjusted to replicate the laminar flame
speed and thickness as well as the adiabatic flame temperature
that are computed using the detailed GRI3.0 mechanism [33] over
the range of thermochemical conditions encountered during com-
pression.

The samples are extracted from a centrally-located 36 x
36 mm? square on the piston surface. Under non-reactive con-
ditions (TUD-NR dataset) nine evenly-spaced timesteps between
—40° CA and TDC are considered, while under fired conditions
(TUD-R) the nine timesteps are clustered between spark time
(—22.2° CA) and TDC.

2.2. Data filtering

For all configurations, the near-wall DNS solution from the
spectral element code Nek5000 is mapped onto a uniform grid
at DNS resolution by means of a high-order spectral interpolation.
Subsequently, a density-weighted top-hat filtering operation is per-
formed to produce data at LES resolution, mimicking the loss of

information at the sub-grid scale. This approach, also called “a-
priori” approach, is common practice in literature. The emulated
LES grid consists of spatially uniform hexahedral control volumes
where the wall-normal cell size is half the wall-parallel directions.
This leads to an aspect ratio (defined as the wall-normal to wall-
parallel ratio) of 1:2 that mimics a one-level wall-normal refine-
ment to be expected in practice. All models are trained using only
the reference filter aspect ratio of 1:2. The performance of the
models is subsequently assessed with the testing datasets using
different filter aspect ratios (1:1, 1:2, 1:4, 1:6, and 1:8) in order
to assess model robustness. Throughout this paper the filter size
refers to the wall-normal direction. Since LES are inherently de-
pendent on filter size, and the contribution of the sub-grid part in-
creases with it, all datasets are filtered with 21 equally-spaced fil-
ter sizes in order to accommodate the range of typical engineering-
type LES simulations. In particular, filter sizes between 0.128 mm
and 0.768 mm are employed for the TCC, TUD-NR, and TUD-R
datasets while filter sizes between 0.4 mm and 2.4 mm are con-
sidered for the Syngas dataset.

2.3. Data splitting: training and test sets

The samples are split into a training set, used only to tune the
model parameters, and a test set, used only for performance eval-
uation. The availability of data from different setups allows for a
dataset-specific splitting. We choose to include both non-reactive
and reactive data in the training phase, as their thermo- and fluid-
dynamic quantities are highly contrasting.

To support the split strategy, we first consider the statistical
distribution of the datasets in terms of representative thermody-
namic conditions used as explaining variables (or descriptive quan-
tities). The main purpose of this preliminary screening is to assess
how widespread the conditions within and between the datasets
are.

Here, we select the filtered density and temperature in the first
wall-adjacent cell as descriptive quantities as illustrated in Fig. 2
by means of mono-chromatic, clipped joint-pdf (JPDF). The curves
from low to high density for each dataset represent separate time
instances. Along a single curve, the increase in filtered temperature
is the result of enlarged filter size.

Overall, the spread of the samples in filtered T — p space across
a wide range of temperatures and densities (pressures) is beneficial
for assessing the generalization for both model training and test-
ing. Additionally, these variables can be considered in combination
with the probability distribution of the target variable (i.e. the wall
heat flux) as shown in Fig. 3. The clustering of samples as non-
reactive, “flame boundary” and “burned” zone will be introduced
in Section 2.4.

Under non-reactive conditions, the filtered heat flux distribu-
tions show a positively skewed PDF with peak values (as repre-
sented by the 99t percentile of the data) of around 400 kW/m?
and 200 kW/m? for the TCC and TUD setups, respectively. For the
Syngas dataset, a bi-modal distribution is observed with a clear
distinction between situations where the turbulent flame is far
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Table 1
Data splitting across training and testing.
NON-REACTIVE REACTIVE
TRAINING TCC Syngas
TEST TUD-NR TUD-R

from or in the vicinity of the wall (i.e. within the first LES cell).
The peak value of around 250 kW/m? under reactive conditions
is comparable to the TCC and TUD setups under motored condi-
tions. The main reason for the rather low heat transfer in the Syn-
gas case is the low initial pressure of 1 bar (the peak pressure is
approximately 2 bar) in combination with the low equivalence ra-
tio (¢ = 0.3), resulting in a low adiabatic flame temperature (close
to 1850 K).

The TUD-R (Burned) dataset exhibits significantly higher filtered
wall heat flux values (approximately 2 MW/m?2) compared to the
other datasets. There is a factor of 5-10 between non-reactive and
reactive peak heat flux values.

From the aforementioned considerations, a splitting is proposed
according to Table 1, in order to introduce two challenging fea-
tures during the testing phase. First, contrary to the TCC case, the
pent-roof geometry of the TUD engine induces significant tumble
flow and although the ranges of WHT values in the TUD-NR and
TCC datasets are comparable, the different flow pattern has a sig-
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nificant impact on the boundary layer characteristics. In addition,
under fired operation (TUD-R dataset) the wall heat flux is signifi-
cantly higher compared to the other datasets.

2.4. Clustering between burned, unburned and flame boundary
regions

To improve the overall performance evaluation procedure, sam-
ples from the testing datasets are grouped into three clusters de-
noted as: “unburned”, “burned”, and “flame boundary” according
to their thermochemical state. This grouping allows for a more tar-
geted assessment of the specific situations that are different in na-
ture, as can be depicted from the profound differences in local heat
fluxes. Furthermore, sensitivity of the performance evaluation met-
ric to the share of (“burned” or “unburned”) samples can also be
reduced.

All samples from the TUD-NR dataset can be clearly assigned
to the “unburned” group. For the TUD-R, the turbulent flame im-
pingement on the engine piston and walls is a highly transient pro-
cess where the flame approaches the boundaries in different direc-
tions [34]. A clear distinction between “unburned” and “burned”
situations is not obvious in engine LES since at high pressures the
laminar flame thickness is typically smaller than the LES cell size
and a turbulent combustion model is required to estimate the sub-
grid thermochemical state and chemical reactions.

In this work, we do not concentrate on the specifics of the
coupling with the combustion model. Instead, we conceptualize
the flame-wall interaction (FWI) phenomenology into a simplis-
tic state-based classification as “unburned”, “flame boundary”, and
“burned”. The distinction between the zones is based on the fil-
tered progress variable, which is computed using the local filtered
oxygen mass fraction. Values of 0 and 1 correspond to “unburned”
and “burned” states, respectively, while intermediate values denote
the “flame boundary”. A tolerance of 0.01 was applied for the lim-
its of the “flame boundary” (i.e. 0.01-0.99).

The “unburned” and “burned” regions have in common that
there are no sub-grid fluctuations of the progress variable. This
means that for the two extrema the same model can be formu-
lated without an explicit tracing of the progress variable.

For the intermediate values of progress variable (“flame bound-
ary”) the situation is different. As the flame approaches the wall,
its impact is detected in the filtered near-wall cell (as increased
temperature) before the actual high-temperature front reaches the
wall. Hence, using only the quantities listed above may inher-
ently lead to heat flux overprediction. This advanced flame sens-
ing makes the “flame boundary” region the most difficult to model.
Note that the advanced flame sensing is mainly expected to appear
in head-on quenching circumstances.

The development of a more advanced model is not the focus
of this work, and we limit ourselves to assessing the errors of the
different models in the “flame boundary”. This can be justified by
the overall small contribution of this intermediate region, account-
ing for less than 2% of the total wall heat flux for the test case
considered here.

The clusters extracted from the TUD-R dataset are exemplarily
depicted in Fig. 4, showing wall heat flux for DNS and for filtered
DNS, and the spatial selection of “flame boundary” and “burned”
samples. The “unburned” samples from the TUD-R dataset are de-
liberately removed to avoid the risk of including samples with spu-
rious effects arising from remote flame sensing (this effect depends
on the filter size). Preliminary tests indicated that the inclusion of
a small amount of such biased samples has a significant effect on
model performance. Therefore, “unburned” samples are exclusively
taken from the TUD-NR dataset.
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Fig. 4. Example of spatial distribution of wall heat flux for the TUD-Reactive case
at —6° CA: DNS (left), LES (i.e. filtered DNS) with Ags = 0.384 mm (centre). Right
is distribution of the corresponding sample classification (described in Section 2.4)
into Flame boundary (green) and Burned (red). (For interpretation of the references
to colour in this figure legend, the reader is referred to the web version of this
article.)

3. Wall heat transfer modeling
3.1. Model formulation

Since the boundary layers in IC engines are not resolved in LES,
the temperature gradient at the wall cannot be computed directly
on the grid and a model is needed to reconstruct the effective gra-
dient at the wall. We start from a generic expression for a WHT
model linear with respect to the temperature gradient resolved by
the LES grid:
dr -COEFF (1)
dz W, LES

Qv =Aw -

where Ay, is the thermal conductivity at the wall temperature, T
is the filtered temperature at the wall-adjacent node, and z is the
wall-normal coordinate. COEFF is a correction factor (i.e. the wall
model) to account for the error made when evaluating dT/dz|,, at
the LES resolution. Correspondingly, for each grid tested, the effec-
tive COEFF values used for benchmarking are retrieved using DNS
data as:

COEFF = (dT /dz|y, pys) / (dT/dzly ys) 2)

where the DNS near-wall gradient is surface-averaged. An impor-
tant constitutive property of COEFF is that when the LES resolu-
tion approaches that of the DNS, COEFF will tend to unity making
a wall model not necessary.

In this work, the proposed model for COEFF is purely data-
driven and obtained using Artificial Neural Networks (ANN), which
reconstruct the unknown function COEFF = F(X), where X is a vec-
tor of inputs at the LES resolution as discussed in Section 4.

3.2. Reference models

Four additional approaches are considered as reference for the
purpose of benchmarking the proposed data-driven models:

No model

The “no model” approach evaluates WHT using the resolved
temperature gradient at the LES resolution, which is equivalent to
setting COEFF = 1. This approach is employed as a reference since
its results essentially quantify the need for a model. Inclusion of
a reference/naive model is usual in data-driven modelling to assist
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practitioners in judging model performance as the interpretability
of these techniques is typically low.

WE: wall function

The second group of reference models is based on wall func-
tions which express WHT in terms of resolved LES quantities
avoiding the introduction of additional differential equations. The
algebraic formulations may be based on empirical observations
and/or simplifying assumptions of the boundary layer governing
equations. In this work, the model proposed by Plengsaard and
Rutland [35] is selected, because it was developed specifically for
LES and IC engines. As in the case of various other models, heat
flux and wall shear stress 7y, are linked in line with the Reynolds
analogy. Its formulation is therefore explicitly dependent on the
wall stress model since 1, cannot be accurately computed at the
LES resolution.

Other commonly used WF models [36,37] were also tested but
are not discussed for brevity. Instead, only results for the WF
model showing the best performance for the considered configu-
rations are shown.

WE-tpys: corrected wall Function

In contrast to the WF model where WHT is computed based
on the wall shear stress, the WHT is computed here using 7y, ex-
tracted from the DNS. This variant of the model is used to discern
the source of error arising from the inaccuracy of the 7y, model as
opposed to the one of Q.

Algebraic model

The last reference approach is the algebraic model proposed in
Bolla et al. [27]. This model has been calibrated using data from
the aforementioned TCC and Syngas datasets, attempting to recon-
struct COEFF and depending only on a single model parameter. A
non-dimensional metric A* has been introduced in this model as
a measure of how well the thermal boundary layer is resolved by
the LES grid. The model is linear in A™ and is formulated as:

COEFF—A.A*+1=046. %22 1= Tw
ow L -T

where A is the constant trained on the data and the subscripts W,
1 and 2 refer to the wall, first and second wall-adjacent cells, re-
spectively.

+1 (3)

4. Artificial neural network

A Feed Forward Neural Network (multi-layer perceptron - MLP)
is used in this work to map the set of input features (Section 4.2.1)
to the single output (WHT). The Rectified Linear Unit (ReLU) is
employed as activation function, and the loss function used dur-
ing the training is the mean squared error (MSE) of the sample-
based model-predicted heat flux. Gradient-based methods are usu-
ally employed when training this type of networks, the “Adam”
[38] algorithm is used in this work.

4.1. Overview

The main challenge when assessing a data-driven method is the
large number of degrees of freedom with respect to various aspects
which include the choice of the input variables, the NN structure,
the quantity and particularly the quality (representativeness) of the
available data as well as their preparation and splitting between
training and testing. Table 2 summarizes the main choices required
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Table 2
Main decision to be taken for the data-driven approach.

Data Sampling and Splitting
Sections 2.1-2.3 and 4.3

e Thermochemical state of the system
e Training/ testing splitting

e Training/ validation splitting
e Sample weighting

e Filter function

e Filter aspect ratio

e Filter sizes

Input e Fluid/scalar variables
Sections 4.2.1 and 4.2.2 e Spatial variables

NN hyper-parameters e # layers

Section 4.2.3 e # neurons

e Activation function

e Loss function

Data Filtering
Section 2.2

by the data-driven approach and points to the corresponding sec-
tions.

The performance of a neural network depends on a set of so-
called hyper-parameters, comprising of the number of layers, num-
ber of neurons and their connectivity, choice of the activation and
cost functions, and choice and settings of the optimization algo-
rithm. The interplay between input variables and hyper-parameters
is not trivial and the latter cannot be determined as part of the
optimization problem during network training and need to be de-
fined beforehand through some form of heuristics [39]. It is im-
portant to note that a different set of input variables (i.e. a dif-
ferent model) requires a dedicated choice of hyper-parameters to
ensure a fair comparison of the input configurations (introduced
in Sections 4.2.1 and 4.2.2). The main objective is to find a net-
work topology that allows high performance, while also enabling
assessment of relative input quality influence and removing po-
tential biases arising from inappropriate hyper-parameter choice
which can result in underfitting or overfitting. The optimal config-
uration should therefore lie between these two extreme situations:
in the literature, this is often denoted as balanced model capacity
[39]. The optimal topologies for every input configuration are cho-
sen in Section 4.2.3 and the selected networks are eventually used
in the final assessment where the performance of the models is
compared on the test datasets.

4.2. Network input selection - model construction

Concerning the inputs to the network, three main aspects are
discussed in this section: (i) the feature selection based on domain
knowledge and descriptive statistics, (ii) the selection of the loca-
tions where the features are extracted, and (iii) the choice of the
network topology in terms of number of neurons and hidden lay-
ers.

4.2.1. Input features

The high-fidelity simulations provide a complete description of
the system and multiple quantities can potentially be used as in-
puts for the neural networks. A preliminary statistical screening
is performed using as indicators the Pearson’s correlation coeffi-
cients between the model target variable COEFF and various candi-
date quantities extracted from both the first and second (denoted
with subscript 2) wall-adjacent cells (Fig. 5). All samples from the
available datasets (equally-weighted) and time-steps were used to
compute the average correlation coefficients.

As expected, AT (the temperature difference between the first
wall-adjacent cell and the wall) has the highest correlation with
COEFF and the correlation drops to almost half for the tempera-
ture in the second cell AT,. The information on the fluid flow is
also beneficial and the velocity component with the largest cor-
relation is the one perpendicular to the wall. Differently from the
other quantities, in this case a non-dimensionalization is proposed

International Journal of Heat and Mass Transfer 183 (2022) 122109

0.8
0.71
5061 g M
2., M N m
sS...Hm N Ll Il
= Huwll Ll il
©
e L i 1] il
5029 ==
o WA UM K

0.0 -
T T T> ATATZ P P, p P2 w w' wy u u’ Uz Djgs

Fig. 5. Absolute value of the Pearson’s correlation coefficients between the model
target variable COEFF and various candidate quantities extracted from both the first
and second (denoted with subscript 2) wall-adjacent cells (i’ denotes the rms of
quantity i; w and u refer to the velocities perpendicular and parallel to the wall,
respectively).

in terms of a local, cell-based Reynolds number:
Reyy = —— (4)

This transformation has a negligible impact on the correlation
coefficient and does not modify the sign of the velocity, allowing
the network to distinguish between flow impingement and ejec-
tion. In addition, Rey, allows the implicit consideration of Ajgs as
input. In fact, despite having a large correlation coefficient with
COEFF, we refrained from including Ajgs directly as input in di-
mensional form since it was found to promote overfitting in tests.

The cell pressure P shows some degree of correlation since at
higher P the boundary layer tends to become thinner. Therefore,
the corresponding increase in COEFF is indicative of the under-
resolution of the boundary layer by the LES grid. The pressure is
preferred over density as it shows both stronger correlations with
COEFF and weaker correlations with the (already chosen) temper-
ature (~ 0.02). In general, a better cumulative variance reduction
is expected in a non-linear model combining variables that are
weakly correlated.

Examination of RMS quantities indicates a particularly high cor-
relation coefficient for the wall-normal velocity fluctuations, w’'.
This quantity indicates the presence of inhomogeneities in the ver-
tical flow structures within the LES cell, leading to potential in-
versions of the local vertical flow orientation (wall impingement
and ejection). High sub-grid vertical flow fluctuations are expected
to increase wall heat transfer and indicate the need for substan-
tial wall model intervention (i.e. an increase of COEFF). In an ac-
tual LES solver, the accuracy of modelled sub-grid fluctuations may
depend considerably on closure selection and near-wall discretisa-
tion. Hence, in order to decrease the dependence on the turbulence
model and constants, we refrained from using RMS quantities as
inputs.

We note that while the temporal evolution of quantities could
also be adopted as inputs, these are not explored in the present
work.

Additional information can be obtained by linearly combining
some of the quantities presented before. The results can work as a
multi-linear reference for the more complex non-linear ANN mod-
els developed in the following sections. A summary of the Pear-
son’s correlations of these multi-linear quantities with COEFF is
presented in Table 3.

Table 3 highlights that the inclusion of the information con-
tained in the second cell plays an important role in increasing
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F: T, P, Rey, Rey, Rey

Fig. 6. Graphical representation of the six configurations in terms of input quantities (listed on top) and input locations (cells around the coloured wall surface where WHT

is computed.).

Table 3
Pearson’s correlation coefficients of multi-linear models.
Configuration Quantities Corr. Coeff
A AT, P 0.63
B AT, P, Rew 0.65
C AT, P, ATy, P, 0.76
D AT, P, Rey, AT, P», Rey > 0.77

the value of the correlation coefficient. The effect of Rey,, on the
other hand, is marginal. Nevertheless, this does not necessarily
mean that this quantity cannot be useful when developing neural
network-based models. Due to their non-linear nature, the models
may be able to exploit better the information contained in Rey.
The results in Table 3 indicate that the locations where the quan-
tities are extracted is important and should be examined.

4.2.2. Network input configurations

Following the reasoning of the previous section, six input con-
figurations (i.e. six distinct model variants) are considered and are
denoted as A, B, C, D, E, and F. Fig. 6 shows graphically these con-
figurations in terms of input quantities (listed on top) and input
locations (cells displayed) around the coloured target wall surface
at which WHT is computed.

Cases A and B make use of quantities only in the first wall-
adjacent cell, while C and D employ also the second cell. Case E
includes neighboring cells on the wall whereas case F includes all
cells with a vertex in common with the target cell.

While T and P are always included among the inputs, the cell-
based Reynolds number is included in cases B and D only in the
wall-normal direction whereas for the more complex cases E and F
all three components were considered since convection within the
stencil is expected to provide additional structural information.

4.2.3. Network topology

Since the input and output layers have fixed dimensions, the
network topology is defined by the number of hidden layers and
the number of neurons per layer. To simplify the process and re-
duce its computational cost (i.e. a reduced number of combina-
tions), all hidden layers share the same number of neurons n. To
avoid networks that are strongly asymmetric, n is related to the
number of inputs Nj,, (the ratio n/Nj,, is varied between 1/6 and
roughly 4) while the number of hidden layers is varied between
1 and 6. A total of 80 distinct combinations of hyper-parameters
have been tested for each one of the six input configurations.

4.3. Network training - model tuning

4.3.1. Data pre-processing
The following operations are performed to prepare the data for
training:

« Data Augmentation: the original dataset is expanded perform-
ing four 90-degree rotations of the frame of reference around
the wall-normal axis. This process reduces the risk of finding
spurious relations between the features and the target, which
is the case in the presence of a significant tumble flow inside
the cylinder like in the TUD engine setup.

o Data Splitting: in addition to the splitting proposed in
Section 2.3, 20% of the training samples are randomly extracted
to construct a validation set. This set is used to make decisions
at a higher level, e.g. to select the best topology and it is not
used directly to tune the network weights.

« Data Normalization: the input features are normalized to en-
force zero mean and unit variance. This process can improve
and accelerate the training process.

o Data Weighting: for a given wall surface area, filtering with a
smaller filter size generates more filtered samples. The differ-
ence in sample counts has been compensated with weights so
that every filter size has the same importance. The same ar-
gument applies for differences in number of samples between
datasets. The weight associated with a sample i is therefore:

VV,‘ _ Zdataset . Zall .F
Zfilter Zdataset

where Zj,q5e¢ 1S the number of samples of the dataset to which
i belongs, Zyjjrer is the number of samples of the same dataset
and with the same filter size as i, Z,; is the total number of
samples across all the datasets and filter sizes, and F is a user-
defined weighting factor which is always equal to one except
for the TCC samples where F = 2. This choice is made to weight
the TCC dataset more heavily than the Syngas one during train-
ing, since it is closer to the targeted IC engine applications.

4.3.2. Training process

The training process is mainly determined by the number of
“epochs”, where the completion of one epoch means using each
of the training samples once during the optimization. An adaptive
strategy is used in this work, where new epochs are progressively
added only if they are beneficial for the validation score. During
each epoch, a mini-batch approach with a 2048 samples is used.
Each network is initialized with random weights and the training
is repeated multiple times: 1000 training realizations for configu-
rations A-B-C-D and 10 for E-F. Particularly for smaller networks,
this large number of realizations was necessary to assure statisti-
cal convergence of the first two moments of the R2 score for every
hyper-parameter setting. Note that 1000 training realizations re-
sult in an equal number of variants of network weights so that the
performance during testing is assessed for all and the results are
shown in terms of ensemble statistics.
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Fig. 7. R2 score of COEFF versus normalized network complexity for the validation
dataset for the different sets of input features. Lines and shaded areas represent
ensemble average and standard deviation, respectively. The architectures selected
for each case are highlighted by a bold square.

4.3.3. Network choice

A specific challenge in the visualization and synthesis of the re-
sults is the wide range of network variants and sizes. The vari-
ations in input features and their locations are summarized by
the case name (A to F). The 80 case-specific network variations
are lumped into a single representative coordinate, the normalized
network complexity C:

C= (Ninp'n+N0ur'n+n2' (nhl_l))/Niznp (5)

defined as the ratio between the total number of weights in the
network and the number of inputs squared. Here, Ninp and Ny are
the number of inputs and outputs, respectively; n is the number
of neurons per layer and np,; is the number of hidden layers. This
coordinate allows for a compact visualization of all cases and pro-
vides a qualitative measure relating the number of inputs and the
number of network weights.

The best topologies are chosen with the help of the R2 score
of the target variable COEFF, which is commonly used in litera-
ture as key performance indicator (KPI) for this kind of problems.
It is a measure of the variance of a target quantity captured by
the model. Fig. 7 shows R2 as a function of the normalized net-
work complexity for all configurations. The R2 scores of COEFF are
computed using the validation data, which consists of the 20% of
random samples excluded from training. The shaded areas repre-
sent the standard deviation computed over the different training
realizations.

Overall, a monotonic increase in R2 is observed when more in-
put variables are considered (from Case A to Case F). An increased
network complexity (i.e. increase of the number of weights) re-
sults in a progressive saturation of the R2 score increment. De-
spite the large variation in network complexity, there is no sign of
over-fitting for the validation dataset in the form of a performance
degradation for larger networks.

Underfitting is observed for low-complexity networks, indicat-
ing that such networks are unable to fully exploit the information
contained in the data. In addition, these networks are subjected to
a large sensitivity with respect to the weight initialization as visi-
ble from the large R2 variance. This is especially the case for con-
figurations that use a small number of input features (notably case
A). The high sensitivity for case A indicates the presence of a large
number of local minima in the cost function. In particular, the ab-
sence of any information from the second wall-adjacent cell seems
to hinder the model from acquiring a robust signal recognizing the
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Fig. 8. Ensemble average of R2 score of COEFF (solid lines) and failure rate (dashed
lines) versus normalized network complexity for the Unburned (top) and Burned
(bottom) testing datasets.

different states of the system near the wall. While such variability
is reduced as the complexity increases, even the largest complexity
exhibits a moderate level of variance. The aforementioned issue is
attenuated for configuration B where the inclusion of Rey, appears
to help the model to indirectly reconstruct the information from
the second cell.

The optimal topology is the one that combines, at the lowest
complexity, good performance, independence from the initial NN
weights and stability with respect to the complexity itself. The se-
lected topologies that match the aforementioned criteria are high-
lighted with bold squares in Fig. 7 and summarized in Table 4.

4.4. Network testing - model performance assessment

Network testing is performed separately for the three sample
clusters “unburned”, “flame boundary” and “burned” defined in
Section 2.4. It is worth repeating that testing and training datasets
are completely separated. Note that the samples in the “flame
boundary” deserve a different assessment and will be presented
in Fig. 12.

We start with a comparison of the average R2 scores for the
“unburned” and “burned” (upper and lower plot, respectively) test
cases as shown in Fig. 8.

For the “unburned” case (TUD-NR dataset), similar results as
for the validation dataset (Fig. 7) are observed. The performance
of networks B-F is more clustered. A mild manifestation of over-
fitting is observed for case A, where a slight deterioration is noted
with increasing complexity. Overall, a similar performance between
TCC and TUD-NR is expected since both cases are non-reactive and
with comparable ranges in engine Reynolds number and local wall
heat fluxes.

Conversely, such a similarity does not exist for the “burned”
test case (TUD-R dataset), where close to one order of magnitude
higher wall heat fluxes are encountered due to the high temper-
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Fig. 9. R2 score as a function of the number of folds for case C. Each point is ob-
tained as the ensemble average of the R2 scores over the range of normalized net-
work complexities 30-60.

atures originating from combustion. This makes the “burned” test
case more challenging. For some of the test realizations for a given
network topology, negative R2 scores were obtained. Since the R2
score is bounded on the positive side (to unity) but not on the
negative side, a few badly-performing realizations can have a detri-
mental influence on the mean value. Quantitative information of
negative R2 scores is not relevant and can be simply categorized
as bad performance. In order to dismiss the ensuing quantitative
bias while still properly representing the occurrence rate of poor
performance, we opted for a representation of the results in terms
of “failure rate”, defined as the percentage of realizations with a
negative R2 score, in combination with the average R2 score, now
depicting only those cases with a positive score. Note that the fail-
ure rate for the “unburned” test case is always zero.

For the “burned” region, the models show a non-zero failure
rate for the lower complexity. However, scores in most cases be-
come positive at higher complexity. The only exception to this
trend is for configuration A, where the failure rate is always above
10% and increases to roughly 30% with increasing complexity. This
counter-intuitive behaviour is related to the aforementioned over-
fitting of the training data obtained for this particular network
configuration with the largest complexities. Overall, R2 scores de-
crease significantly for all models and there is a convergence of
performance between cases B, C and D and a mild dependency on
the network complexity.

The absence of over-fitting for the configurations B to F us-
ing an 80% training 20% validation split is an indication that the
training dataset is statistically sufficiently homogeneous combined
with a sample overhead with statistically equivalent samples. This
means that retaining 20% of the samples for validation results in
almost the same statistical structure and makes over-fitting of the
network difficult to observe. To confirm the training sample over-
head and the observation of a plateauing behaviour, we varied the
number of samples used for training for case C. In statistical mod-
elling, this is referred to as n-fold cross-validation, and is typically
done to assure statistical relevance of the data and the suscepti-
bility of the model on input data. Here, we perform the training-
validation procedure for case C using only a subset of the full train-
ing datasets. We split the original training dataset by a factor n = 1,
2, 4, 8, 16, 32, 64, 128, 256, and subsequently apply the 80%/20%
split of the subsets. Fig. 9 shows the ensemble average of R2 score
over the range of normalized network complexities 30-60 for ev-
ery subset of data used for training for case C. A reduction of the
subset used for training has a minor influence on the performance
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Table 4
Architectures of the selected networks.
Configuration #Inputs #Hidden layers #Neurons
A 2 6 8
B 3 5 10
C 4 6 11
D 6 5 16
E 30 4 69
F 90 3 243

of the validation and “unburned” test cases. For the “burned” test
case, a significant breakdown in performance due to over-fitting is
observed by a reduction of samples by a factor of more than 8.

An additional test was performed using only the TCC data
during training for case C and for the different network hyper-
parameters. The results obtained (not shown) led to two main
observations: first, for the “unburned” test case, larger networks
showed a clear evidence of over-fitting in the form of a perfor-
mance reduction; second, the absence of reactive samples in the
training resulted into negative R2 scores for the “burned” test case
for all complexities because the neural network focused on the
non-reactive situations. These two observations confirm the impor-
tance of including reactive data in the training process.

As a next step, a single normalized complexity marked by the
squares in Fig. 7 for each case is selected. Fig.10 compares the R2
scores for the “unburned” and “burned” cases with the reference
models introduced in Section 3.2. The “flame boundary” zone is ex-
cluded from this representation since it is characterized by a 100%
failure rate. For the neural network models, the results are plot-
ted in terms of the 10-50-90 quantiles to give an idea of the ac-
tual distribution of the scores, which are obtained after excluding
the failed models (R2 < 0). For the reference models, negative R2
scores have been clipped and the effective numbers are indicated
in the plot.

Starting from the “unburned” test case (blue bars), the “no
model” method scores a negative R2 value, emphasizing the ev-
ident need for a model. The standard wall function expectedly
shows some improvement. When considering the artificially en-
hanced WF — 1, variant (wall shear stress fed from filtered DNS
data), it is observed that the error source from the wall shear
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stress model can account for one third of the error in COEFF. The
algebraic model developed in Bolla et al. [27] shows a significant
improvement and is performing similarly to the NN in case C. Un-
der reactive conditions (red bars), both wall function variants show
some improvement compared to the “no model” approach, but the
absolute performance deteriorates significantly. The combustion-
induced near-wall laminarization (due to high temperature and
hence viscosity) along with other non-equilibrium terms such as
pressure-work and chemical reaction results in conditions that are
exceedingly removed from those for which conventional (turbulent
flow) wall models have been developed. Hence, it is perhaps not
surprising that the correct wall shear stress inputs do not provide
much assistance for such models. The algebraic model continues
to exhibit performance comparable to the neural network models.
The “burned” case shows a more leveled performance along mod-
els at lower R2 values and higher levels of variabilities between
realizations.

Among the developed models, model A displays the lowest
score and the largest variability. Models B, C and D have quite
similar scores with the latter having slightly better performance in
the “unburned” case and a slightly smaller variability. Model E per-
forms best overall, combining the largest scores and smallest vari-
ability in both test sets. All neural network models perform better
than the wall function-based models examined in this work.

It is interesting to note that the algebraic model and configura-
tion C use the same input features and have similar performance.
This indicates that the features in the algebraic model effectively
extract all of the important information related to heat flux be-
haviour. In fact, the neural network that can be seen as an ad-
vanced regressor and does not provide any remarkable improve-
ment.

The investigations so far provide a collective view of functional-
ity over different grid sizes. To obtain additional detail, the model
performance is assessed in the following as a function of the di-
mensional filter size. As this is a model-centric study, we want to
discern the contributions of the various models compared to the
“no model” method, and introduce the relative R2 score:

> i (Vi—pNs — Vi, —model)*
Zi(yi,—DNS _yi.—nomodel)2

The difference with the standard definition is in the normaliza-
tion which is now related to the performance of the “no model”
case. This formulation allows for a fairer comparison between the
scores computed for different datasets. In fact, the numerator and
the denominator are expected to have a similar trend when the
dataset changes, reducing the sensitivity of R2,, on the choice of
the dataset itself. R2,,; is equal to O if performance is the same
as that of “no model”, while it becomes equal to 1 for a perfect
model.

The R2,, scores as functions of the filter size for all models
for the “unburned” (upper) and “burned” (lower) datasets are pre-
sented in Fig. 11. All models follow approximately the same trend:
the lowest values are obtained for the smallest A;gs due to the im-
provement in the “no model” performances; then the R2,, scores
increase approaching a plateau, showing low sensitivity on Ajgs.
The plateau means that model performance is deteriorating at a
similar rate to the “no model” approximation. As the “no model”
grows less accurate with increasing wall distances, a constant R2,,
score means that smaller filter widths provide better (absolute)
modelling results. Again, all NN models perform better than the
classical WFs while the algebraic model performs comparably with
configuration C.

For the “flame boundary” region, the performance of the mod-
els is significantly worse (R2 < 0). As the R2 score is not bounded
in the negative direction, it is not a suitable metric in this case
and is therefore replaced with the ratio between the average heat

R2y =1-— (6)

10
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Fig. 12. Ratio between average modelled and filtered DNS heat fluxes versus di-
mensional filter size (Ags) for the different models for the Flame boundary testing
dataset using the network hyper-parameters indicated in Table 4.

fluxes (Fig. 12), which highlights the inherent behaviour discussed
in Section 2.4 with the modelled heat flux exceeding the DNS one.
In general, all models perform quite poorly in this region with con-
figurations E and F having the best behaviour. Nevertheless, the
contribution of this region to the overall heat flux is minor (less
than 2%), discouraging improvement attempts that risk functional-
ity in “unburned” and “burned” samples.

A final stress test on the model is performed by changing the
cell aspect ratio. As described in Section 2.2, a 1:2 aspect ratio
was used during training. In actual WMLES work, however, the as-
pect ratio can vary significantly depending on (i) the physics and
level of fidelity that one is trying to reproduce, (ii) wall geome-
try, (iii) computational power availability, and importantly, (iv) the
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versus filter aspect ratio for the Unburned (top) and Burned (bottom) testing
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hyper-parameters indicated in Table 4.

meshing structure. A situation where the aspect ratio is constant
for all near-wall cells is therefore a significant simplification. The
test is carried out using aspect ratios of 1:1; 1:2; 1:4; 1:6 and 1:8,
which in practice refers to a variation of the filtering process. The
results are presented (only for the selected complexities in Fig. 7)
in terms of average R2 score and failure rate separately for the “un-
burned” and the “burned” regions in Fig. 13.

It is clearly noticeable that larger input stencils lead to higher
sensitivity to the filter aspect ratio. Especially in the reactive case,
the behaviour of the networks E and F is not robust, with a degra-
dation that approaches 100% failure rate for the aspect ratio 1:8.
A physical reasoning to this observation stems from the fact that
the training and testing stencils capture strongly contrasting phys-
ical scales of the near-wall flow, potentially leading to misinterpre-
tation by the trained model. The network that performs best in
this case is the network C, with networks B and D also performing
moderately well. From this analysis, it is clear that the size of the
input stencil does not directly correlate with model performance.

It can be argued that, for cases E and F, the slightly larger scores
in the test sets do not compensate for (i) the increase in com-
plexity for their implementation and (ii) their larger sensitivity to
different grid configurations. These more complex stencils also re-
quire a higher quality mesh, discouraging their use in complex ge-
ometries. The most promising configurations, combining accuracy
and robustness, appear to include B, C and D. As their complex-
ity in both training and LES solver implementation is similar, they
can be compared in terms of the quantitative scores in the present
work. In this respect, network D seems to be the optimal trade-off
solution that combines relatively high scores with small sensitivity
to the initial conditions and to the grid aspect ratio. In addition,
network D has reasonable performance when applied to the “flame
boundary” region.

1
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Due to the nature of the present a priori study, we do not re-
port the added computational cost of wall modelling approaches.
The added computational cost of wall modelling in WMLES is of-
ten reported to be small in comparison to the remainder of the
flow solution [8]. A computationally intensive full non-equilibrium
turbulent boundary layer equations (TBLE) wall model has been
reported to induce an extra cost of 100-150% [40]. While signifi-
cant, even such increases are thought to be small in comparison to
the savings afforded by wall modelling [8]. In contrast to such ap-
proaches with operations including matrix inversion [40], we note
that the presently tested models and ANNs represent a series of
relatively straightforward algebraic operations.

5. Conclusions

In the present study, data-driven wall heat transfer models for
WMLES have been developed using neural networks trained and
tested on various sets of high-fidelity simulation data, both in real
IC engines and engine-like configurations. Stressing the importance
of proper data selection and formulation for the successful gen-
eration of models, the present work aimed at evaluating the cri-
teria for successful model generation. Observations were divided
into three separate clusters denoted as “unburned”, “burned”, and
“flame boundary”, each displaying distinct characteristics and a
varying degree of difficulty for model generation. Variations of
(i) input physical quantity, (ii) input data stencil type and (iii) sten-
cil dimensions allowed for a unique cross-examination of the se-
lections.

The following conclusions are drawn from this work:

e Neural networks can be used to successfully reconstruct the
complex unknown relation between features at LES resolution
and COEFF or, indirectly, the heat flux, with good performance.
With a computational cost similar to the reference algebraic
models for the online evaluation during an LES simulation,
the neural network-based models show improved performances
and represent a valid alternative to the algebraic heat flux mod-
els currently available for LES.

Among the investigated configurations, case D is identified as
the best compromise between performances and complexity.
The information contained in Re, and in the second wall-
normal cell are beneficial for the model accuracy. Simpler con-
figurations have worse performances with a similar computa-
tional cost while the additional complexity associated to the
configurations E and F is not compensated by sufficient im-
provement in the model accuracy.

While the present work demonstrates the feasibility of func-
tional ANN-based WHT models, it does not claim to resolve the
challenges of WHT modelling in general. In the context of future
works, various aspects - beside an a posteriori model assessment
- could be considered for further developments. Here we mention
three of them. (i) The techniques presented here could be more
universally applicable if conditions were expanded to a wider span
of engine conditions, particularly in terms of Reynolds number. (ii)
The inclusion of a temporal dependence in the model could be
beneficial and recurrent neural networks (RNN) seem a promising
candidate for capturing time-dependent patterns. (iii) In the detec-
tion of spatial structures and relationships in complex data, convo-
lutional neural networks (CNNs) are an established approach that
can be explored.
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