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Abstract: Energy and power demands for military operations continue to rise as autonomous air, land,
and sea platforms are developed and deployed with increasingly energetic weapon systems. The
primary limiting capability hindering full integration of such systems is the need to effectively and
efficiently manage, generate, and transmit energy across the battlefield. Energy efficiency is primarily
dictated by the number of dissimilar energy conversion processes in the system. After combustion, a
Compression Ignition (CI) engine must periodically continue to inject fuel to produce mechanical
energy, simultaneously generating thermal, acoustic, and fluid energy (in the form of unburnt
hydrocarbons, engine coolant, and engine oil). In this paper, we present multiple sets of Shallow
Artificial Neural Networks (SANNSs), Convolutional Neural Network (CNNs), and K-th Nearest
Neighbor (KNN) classifiers, capable of approximating the in-cylinder conditions and informing future
optimization and control efforts. The neural networks provide outstanding predictive capabilities of
the variables of interest and improve understanding of the energy and power management of a CI
engine, leading to improved awareness, efficiency, and resilience at the device and system level.

Keywords: energy; efficiency; modeling; machine learning; artificial intelligence

1. Introduction

Development and deployment of semi-autonomous and autonomous based vehicles
are vital to the Army’s modernization priorities and expected to offer the warfighter with
new capabilities that help them to operate at the tactical edge. Energy and power demands
for systems can be low, however the aggregation of multiple platforms will require substan-
tial energy and power. This will strain the energy and power supplies on the battlefield,
increasing the probability that military operations will become energy constrained. Hy-
bridization of a vehicles” powertrain is likely the most efficient and effective methodology
to bolster the military’s operational prowess and provide near-term warfighter benefits,
enabling their systems to be more mission effective and efficient.

Internal Combustion Engines (ICEs) are used as the primary or secondary source of
power generation for traditional and hybridized vehicles, respectively, and are unlikely
to be phased out long-term. Currently, there are no safe alternative fuel sources with
comparable energy density to fossil fuels. Traditional vehicle powertrain efficiency is
primarily dictated by the engine, while fossil fuels have a relatively high energy density,
typical gasoline or diesel-based engine are between 25% and 45% efficient, meaning 75%
to 55% of the energy contained within the fuel is considered to be unusable or waste
energy, commonly referred to as exergy destruction. According to Bourhis and Leduc [1],
recovering energy/exergy wasted within the diesel engine and powertrain could reasonably
lead to a 15% or 10% increase in energy/exergy efficiency for a gasoline engine or diesel
engine, respectively.
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The bulk of the exergetic losses are a direct result of the thermodynamic processes
that govern the engines cycle, i.e., Otto, Diesel, or Brayton to name a few. Effective and
efficient use of standard or hybridized vehicle powertrains ultimately requires a detailed
understanding of the energy and exergy-based characterizations of the engine, electric
motors, generators, and the aggregation of the powertrain. It was for this reason that we
sought to develop a set of Artificial Intelligence (AI) and Machine Learning (ML) based
predictive capabilities to approximate the behavior of an ICE, specifically a Compression
Ignition (CI) engine.

It is prohibitively expensive to install laboratory grade sensors on and within the
engine to be used in combination with dynamometers for developing characteristic engine
maps. Using a set of pseudo engine dynamometer-based datasets generated from GT-
Power, we developed multiple sets of Artificial Neural Networks (ANNSs) capable of
approximating the in-cylinder conditions of a CI engine. The remainder of this section
is arranged as follows: (1) a general synopsis of AI/ML is discussed, (2) followed by a
discussion of energy and exergy-based energy management policies for various vehicle
powertrains, and (3) a conclusion section highlighting some notable technical literature
dedicated to developing and deploying AI/ML in regards to engine modeling and control.

1.1. Artificial Intelligence and Machine Learning

Generally there are two different types of AI/ML based algorithms: shallow and deep
artificial neural networks. The terms shallow and deep generally refer to the density of
the hidden layers as defined within the different neural network’s architectures. Shallow
neural networks were historically used to define networks with very few numbers of hidden
neural networks (neurons), while deep neural networks would have far greater number of
hidden neurons exceeding 75-100. Deep neural networks often included additional more
exotic alternative types of signal routing including skip connections, dropout layers, and
sequence layers to name a few. Omitting the terminology of shallow or deep, there are then
various commonly discussed types of AI/ML based architectures to include but not limited
to feedforward Shallow Artificial Neural Networks (SANNSs) [2], Nonlinear Autoregressive
with External Input Neural Networks (NARXSs) [3], Recurrent Neural Networks (RNNs) [4],
Residual Neural Networks (ResNets) [5], Convolutional Neural Network (CNNs) [6],
Multi-Layer Perceptron (MLP) [7], and various other types of classifiers.

The algorithm selection is an important first step in generating AI/ML based algo-
rithms. Each of the dissimilarly defined neural network architectures were developed
for various applications, such as classifying images, time-series prediction, and sequence-
to-sequence image predictions. The primary goal for developing AI/ML is to ultimately
replace computationally expensive processes with lightweight computationally efficient
algorithms which approximate the behavior of a system. To achieve this, the AI/ML al-
gorithm must have a target feature and a set of input features. The target feature is what
we desire to predict, the input features are features which must in some way relate back to
the target feature. If there are no direct correlations between the target and input feature
selected, the neural network may be unable to converge, and performance of the network
could be limited. With both the target and input feature selected, the neural networks
must be trained, this is primarily where the term machine learning is derived from, i.e., the
process used to train the artificial intelligence.

There are four application areas of learning/training: online, offline, transfer, and
reinforcement learning. Online learning is the most difficult. An algorithm is selected and
trained concurrently to the operation of a system. As a result, this type of learning has low
training data requirements. Offline learning is the most common type of training where
large, correlated sets of data are used for training of the algorithms. Transfer learning is
a combination of both online and offline learning. For transfer learning, a general set of
algorithms are first trained to solve one problem. The trained algorithms are then used to
solve a second problem which is similar to the first problem. The knowledge leveraged
from the first problem is transferred to solve the second problem. Transfer learning can be
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achieved by first training an algorithm offline, and then retrained or adapted once online,
as the online training model is likely to be different than the offline training model. The
final type of learning is reinforcement learning, where regions of the algorithm’s operation
are assessed and weighted such that when training begins, the neural network will learn
the desired target by understanding the operation of the algorithm subject to violating the
previously set regions. This type of training/learning falls somewhere in-between offline
and transfer learning in terms of training data requirements.

Aside from the learning methodology, there are two separate types of learning-based
algorithms: supervised and unsupervised. In supervised learning, an engineer or scientist
uses their operational understanding to first select the intended AI/ML algorithm and
subsequently selects the set of input features required to generate a predictor capable of
predicting the desired set of target features. The algorithm’s training is supervised by the
engineer or scientist, guided by their engineering prowess. Conversely, for unsupervised
learning, the algorithm and target selection are specifically defined. The user may also
define a set of general inputs which can be used for development of the AI/ML algorithms
to generate the desired prediction. During the learning/training process, the algorithm will
determine which input features should remain to predict the desired set of target features,
and which are unnecessary and should be omitted.

1.2. Applied Artificial Intelligence and Machine Learning: Powertrain

Du et al. [8] developed a deep Reinforcement Learning (RL) based EMS for a series
hybrid tracked-type vehicle. The authors developed a new RL method termed Dyna-H
which included a deep RL based algorithm that used Q-Learning (DQL). The “Q-learning
algorithm is a widely used model-free reinforcement learning algorithm. It corresponds
to the Robbins—Monro stochastic approximation algorithm applied to estimate the value
function of Bellman’s dynamic programming equation.” [9]. This new algorithm was then
compared to a more traditional Dynamic Programming (DP) based energy management
strategy. The RL based algorithm was able to converge more rapidly than the DQL method,
this led to lower fuel consumption. It was also observed that the RL based method had
better adaptability capabilities, validated through simulation using alternative drive cycles.
Similarly, Lian et al. [10] used RL based algorithms to formulate an EMS but chose to
focus on a cross-type transfer learning approach as opposed to reinforcement learning.
These authors also chose to analyze three separate hybrid vehicle architectures to include
a power-split bus, a series hybrid vehicle, and a series-parallel bus. The selected set of
algorithms were originally developed for a hybrid vehicle powertrain emulating that of
a Toyota Prius. The pre-trained algorithms were then applied to the alternative hybrid
vehicle architectures and adapted through the use of transfer learning. On average, the
authors noted a 70% difference from the baseline with respect to convergence efficiency,
i.e., transfer learning can be used to increase algorithm flexibility and applicability for
systems which lie outside of the original training dataset, a known issue encountered with
developing AI/ML based algorithms. Additional technical works which sought to use
AI/ML for a series hybrid vehicle powertrains include [11-13].

Hybrid vehicle powertrains typically require more sophisticated and complex control
algorithms. With complexity comes high computational demand, so many researchers
have begun branching out to use reduced order modeling techniques coupled with AI/ML
to develop more efficient or effective EMS based algorithms. Liu et al. [14] developed
an EMS using velocity predictions and RL. Fuzzy encoding and nearest neighbor algo-
rithms were deployed to predict the vehicle’s velocity and then combined with a finite-state
Markov chain algorithm to identify probabilistic power demand transition conditions.
Reinforcement learning was then applied to identify the optimal control behavior which
minimized value stream impacts for the vehicle, namely fuel consumption and compu-
tational complexity. The results indicate that AI/ML based predictive capabilities can
reduce fuel consumption and computational time when compared to a shortsighted DP
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algorithm. Additional technical works which sought to use AI/ML for a parallel hybrid
vehicle powertrain include [15-18].

Similarly, Zhang et al. [19] chose to develop an EMS based strategy for an electric
vehicle’s super-capacitor also known as an ultra-capacitor. The EMS was developed
by employing wavelet transforms, artificial neural networks, and fuzzy logic. Wavelet
transforms were used to identify which high frequency characteristics of the battery’s
operation were better suited to be serviced by the super-capacitor, however such an analysis
is not suitable for use in real-time. The artificial neural networks were then used to
replicate the characteristic behavior of the wavelet transform, specifically the low frequency
power demand for the battery. The neural networks were than combined with the fuzzy
logic controller to regulate low frequency power demand, while the high-speed transient
response was regulated by the super-capacitor. The system was simulated and validated
through hardware implementation. Additional technical works which sought to use
AI/ML for pure electrical vehicle powertrains are relatively sparse largely due to lack of
infrastructure, and sufficient battery technology permitting comparable recharge duration
and range requirements for automobiles. Some additional technical articles of interest
which focus on development of AI/ML for purely electric based vehicles include [20-22].

1.3. Applied Artificial Intelligence and Machine Learning: Engine

Garg et al. [23] provided a recent review of AI/ML efforts to characterize engine
performance and promote efficient control. Although there are a number of outstanding
contributions in the literature, Garg notes that there are still many areas that need attention,
particularly in areas where the models are complex and non-linear. From the work by Garg,
it appears that most of the literature is focused on steady-state conditions, calibration, air
flow, and fuel mixtures using a variety of AI/ML methods. This work seeks to model
and gain insight for future use into an area that until now, appears to be missing from the
literature; this manuscript focuses on using select neural networks to provide dynamic
models of non-linear conditions within the cylinder(s) that will facilitate further accuracy
in modeling, optimization, and control.

2. Modeling

For the foreseeable future, many if not all of the field-able military vehicles will
possess some form of an ICE, primarily due to the fact that there are no low form factor
energy storage capabilities which have comparable power density to traditional liquid
fuels. Hybridization of a vehicles” powertrain perpetuates the need to understand the
energy and power requirements more accurately such that a vehicles” performance may be
optimized and controlled more effectively and efficiently. In order to sufficiently understand
and characterize the performance of a vehicle, engineers and scientists usually devote
vast amounts of time for simulating and modeling the complex non-linear dynamics of
the vehicle’s powertrain, specifically the engine. Prototypes are then built and tested
using dynamometers.

The remainder of this section has been broken down into two subsections. First, we will
highlight the different engine configurations under investigation. Secondly, we will discuss
the engine maps developed from a GT-Power based simulation. “GT-Power is the industry
standard engine performance software package, used by all major engine manufacturers
and vehicle OEMs. GT-Power is used to predict engine performance quantities such as
power, torque, airflow, volumetric efficiency, fuel consumption, turbocharger performance
and matching, and pumping losses, to name just a few.” [24]. The software utilizes
non-linear multi-dimensional Navier-Stokes equations to predict the complex, nonlinear
engine performance.

2.1. Compression Ignition Engine Configuration

Pseudo-dynamometer engine maps were constructed from a GT-Power based-engine
model implemented by Clemson University researchers as part of a Cooperative Agreement
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(CA) established by the Ground Vehicle Systems Center (GVSC). Inter-agency collaborative
research efforts allowed our research group to obtain quasi-steady state engine maps
representing that of a 3-, 4-, 6-, and 8-cylinder in-line turbo-charged CI engine, emulating
an 85, 125, 275, and 475 HP engine.

A dynamometer is an electrical mechanical system used to characterize the perfor-
mance of an engine in a laboratory setting separate from the vehicle, such that the engines’
capability may be accurately characterized. Dynamometers must also include the respec-
tive thermal fluid-based coolant, exhaust, and intake components. The output shaft of the
engine is connected to the input of the dynamometer, capable of measuring speed and
torque produced by the engine. Additional laboratory grade sensors are also included at
various locations in and around the engine. Once connected and configured, the engine
may be operated at various speed and subjected to various engine torques or various
operating conditions. The final result is then multiple multi-dimensional lookup tables
that characterize the performance of the engine with respect to standard engine perfor-
mance metrics, usually engine speed, torque, crank angle, and throttle or fuel index. It
is expensive to mount and install laboratory grade sensors and time consuming, which
is one of the reasons we sought to use pseudo-dynamometer data. The term pseudo-
dynamometer refers to the fact that we have multiple multi-dimensional lookup tables
for multiple engine configurations which are similar to data obtained from a laboratory
engine-dynamometer experiment. The only major difference is the dataset is derived from
GT-Power (engine-based simulation package).

The engine maps were contained in multiple three-dimensional matrices, arranged
as a function of the crank angle degrees (CAD) array of length N, the steady state engine
speed array of length M, and the power index/indices array of length K. For readers
not intimately familiar with engine modeling and simulation, a power index is roughly
equivalent to a Wide Open Throttle (WOT) condition, strictly speaking is only applicable
for a Spark Ignition (SI) engine. The maximum power of an SI engine occurs where the
maximum intake of air and fuel are injected into the engine, which occurs when the throttle
valve is fully open, i.e., wide open. CI engines do not have a throttle valve, instead a power
index sometimes referred to as a power ratio is used to maximize the generated power of
an engine. By altering the power index, the amount of fuel being injected relative to the
amount of air being pumped by the engine is controlled allowing the engine to produce
more or less power. A WOT condition for a CI engine is when the maximum amount of fuel
is injected relative to the total amount of air being pumped by the cylinders. A simplified
approximation of the CI engine diagram has been provided in Figure 1 where numbered
nodes represent relative sensor locations where engine state information were measured:
(1) represents the input to the turbo charger compressor, (2) represents the output of the
turbo charger compressor which feed the air cooler, (3) is the intake manifold, (4) represents
the in-cylinder conditions, (5) represents the output manifold conditions the drives the
turbo charger turbine, (6) represents the output of the turbo charger turbine, (7) represents
the crank shaft, (8) represents the rigid shaft connecting the turbo charger compressor and
turbine, and (9) represents the conditions of the engine block. A complete list of each of the
sensor measurements have been provided in Appendix A.

2.2. Compression Ignition Engine Maps

The engines under investigation were four-stroke engines, for every two full rotations
of the crank shaft, each of the cylinders will have completed one full cycle which is subdi-
vided into four strokes including the (1) suction or charging stroke, (2) the compression
stroke, (3) expansion or working/power stroke, and (4) the exhaust stroke. Each engine-
data set contained multiple sets of three-dimensional matrices which were arranged as a
function of the crank angle degree vector (Equation (1)), the fuel index (Equation (2)), and
the steady state engine speed (Equation (3)). Examples of the three-dimensional matrices
are not explicitly shown within the main body of the technical report; a small subset of the
three-dimensional matrices can be visually observed within Appendix B.
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Figure 1. Simplified CI engine fluid map of the 4-cylinder 125 HP engine variant.
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3. Algorithm Development and Experimentation

Modern day IC engines are fundamentally governed by the thermodynamic laws
and principles described by a set of chemical reactions and formulas of combustion. Tight
coupling of combustion equations and thermodynamics gives rise to highly non-linear
and computationally expensive dynamic equations which are difficult to develop and
validate. High-powered software packages such as Gamma Technologies GT-Power /Suite,
Riccardo Wave, Fluent, and Fire to name a few have been developed and are capable of
constructing and simulating the complex non-linear dynamic equations of the engines or
vehicles’ powertrain. The software packages are computationally expensive and depending
on the model fidelity, not suitable for real-time operation. It is for this reason that we
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sought to develop a set of predictive algorithms based on AI/ML which can predict the
current or perhaps future states of the engine, thereby enabling energy awareness regarding
the operation of the engine. Lookup table approximations can be developed from engine
dynamometer data; however, the interpolated data points are not guaranteed to abide
by the thermodynamic laws or principles. Using AI/ML algorithms should permit such
predictive algorithms to be routed within the physical world and thus are more likely
to abide by the thermodynamic laws and principles, making AI/ML based algorithms
potentially more extensible and realistic.

3.1. Input Feature Selection

General engine performance is primarily dictated by the geometrical configuration of
the engine as defined by multiple static parameters including the bore, stroke, crank angle,
connecting rod length, the clearance volume, and the number of cylinders. More detailed
engine performance analysis is governed by dynamic input conditions such as fuel and
air mixtures, pressure, temperature, altitude, fuel injection duration, fuel injection timing,
cylinder firing order, and engine crank angle position. There are of course many other
parameters which can further impact performance of the engine. In an effort to develop
accurate and robust, yet computationally efficient, AI/ML based algorithms this study
focuses on a subset of the possibly important sets of conditions which dictate performance
of the engine. We selected forty-five separate input features including; (1) through (33) to
include the past and future values of the crank angle 6 as shown in Equation (4), (34) the
power index ranging between zero and one-hundred 7, (35) the engine speed w,, (36) the
atmospheric temperature Tj, (37) the atmospheric pressure P,, (38) the occupied volume of
the cylinder as a function of the crank angle V' (), (39) the occupied area of the cylinder as
a function of the crank angle A(6), (40) the rated power of the engine divided by the total
number of engine cylinders termed the per-cylinder rated power Py, (41) the rated power
of the engine P14, (42) the rated engine speed w4, (43) the number of cylinders N,
(44) the total displaced volume of the engine Vj;;, and (45) the bore length L;.

ylr

1) ) 7) (8)
~N —— ——

—— —
B(t—40°) B(F—35°) --- B(t—10°) B(t—9°) ---

B(t+10°) O(t+15°) ---6(t +40°) @
——— N—— ——
(27) (28) (33)

We selected our input features iteratively using trial and error, and engineering in-
tuition. Our goal was to generate AI/ML that could predict various engine states in
near-real-time or real-time, with a limited amount of sensor data. As an example, in-
cylinder pressure measurements are not standard on many if not all production vehicles, as
such using the in-cylinder sensor data as an input is likely to be problematic if implemented
on a real system. Thus, when selecting our input features, we chose to use input features
which are specific to the engine configuration including bore length, number of cylinders
or rated power of the engine. We also chose input features that describe the motion of the
piston and therefore the engine states (suction/charging, compression, expansion, and ex-
haust). This allows us to predict the engine states without the need to have direct access to
the engine’s sensor measurements, with exception of engine speed which relates back to the
crank angle. Having various sensor measurements could likely improve performance of the
AI/ML, however the absence of the sensor measurements is likely to significantly degrade
performance of the AI/ML. Thus, if sensor measurements are used, it should reasonably be
considered that the sensor is considered to be included on standard production vehicles.

3.2. Target Feature Selection

Motion of the engine’s cylinders is produced by combustion of the air and fuel. As such,
our features selected for prediction include the in-cylinder (1) pressure, (2) temperature,
(3) gamma which represents the ratio of the specific heat at constant volume to the ratio
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of specific heat at constant pressure, (4) mass fraction of fuel, (5) mass fraction of the
unburned nonfuel, (6) the mass fraction of burned fuel, (7) the mass flow rate of fuel into
the cylinders, and (8) the mass flow rate of air into the cylinders. Examples of each of the
eight target features have been shown in Figures 2-9. Because each of the engine variants
have a different number of cylinders, we only used the first cylinder data as targets for
training. All other cylinder data was reserved for future testing. Additional engine speeds
and fuel indices that were not explicitly defined within the datasets were also used for
further testing of the algorithms.

Cyl1 Cyl3 == Cyl 5 cyl7
cyl2 cyl4 Cyl6 cyi8
3-CylData  4-CylData  6-CylData  8-Cyl Data 3-CylData 4-CylData  6-CylData  8-Cyl Data
20
5 15 E -
= s
o =
5 10 15> 10
173 73
9 g
a &,
0
0 05 1 15 2 25 3 0 500 1000 1500 2000 2500
Samples (nd) x10° Samples (nd)
(a) (b)

Figure 2. In-cylinder pressure target features: (a) pressure trace for each of the four engines and
(b) pressure trace for each of the four engine variants at 4000 rpm and 100% fuel index.

Cyl1 Cyl3 == Cyl 5 cyl7
cyl2 cyl4 Cyl6 cyi8
3-Cyl Data  4-Cyl Data 6-Cyl Data 8-Cyl Data 2500 3-Cyl Data  4-Cyl Data 6-Cyl Data 8-Cyl Data
2000 2000
< 3
o
1 o
2 1500 35 1500
g g
g g
§ 1000 E 1000
= =
500
0
0 05 1 15 2 25 3 0 500 1000 1500 2000 2500
Samples (nd) x10° Samples (nd)
(a) (b)

Figure 3. In-cylinder temperature target features: (a) temperature trace for each of the four engines
and (b) temperature trace for each of the four engine variants at 4000 rpm and 100% fuel index.

cyl1 Cyl3 ———Cyl5
cyl2 cyl4 Cyl6

| N

cyig

3-Cyl Data  4-Cyl Data 6-Cyl Data 8-Cyl Data

3-Cyl Data 4-Cyl Data 6-Cyl Data 8-Cyl Data

Ratio of Specific Heats (kJ/kg/K / kd/kg/K)
P
Ratio of Specific Heats (kJ/kg/K / kJ/kg/K)

0 05 1 15 2 25 3 0 500 1000 1500 2000 2500
Samples (nd) x10° Samples (nd)

(@) (b)

Figure 4. The in-cylinder ratio of specific heat target features: (a) ratio of specific heat trace for each

of the four engines and (b) ratio of specific heat trace for each of the four engine variants at 4000 rpm
and 100% fuel index.
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cyl1 Cyl3 == Cyl 5 cyl7
cyi2 cyl4 cyi6 cyig
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Figure 5. The in-cylinder mass fraction of fuel target features: (a) mass fraction of fuel trace for each
of the four engines and (b) mass fraction of fuel trace for each of the four engine variants at 4000 rpm
and 100% fuel index.

cyl Cyl3 ———Cyl5 cyi7
Cyl2 Cyl4 ———Cyl6 cyl 8
3-CylData  4-CylData  6-Cyl Data ~ 8-Cyl Data 3-CylData 4-CylData  6-CylData  8-Cyl Data

I 1170
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0.
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LA
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Samples (nd) x10° Samples (nd)

(a) (b)

Figure 6. The in-cylinder mass fraction of the unburned nonfuel target features: (a) mass fraction of

Mass Fration of Non Burned Fuel (g/g)
Mass Fration of Non Burned Fuel (g/g)

O ‘

the unburned nonfuel for each of the four engines and (b) mass fraction of the unburned nonfuel for
each of the four engine variants at 4000 rpm and 100% fuel index.

Cyl1 Cyl3 =———Cyl5 cyl7
Cyl 2 Cyl4 Cyl 6 Cyl 8
12
3-Cyl Data  4-Cyl Data  6-Cyl Data 8- { 3-Cyl Data  4-CylData  6-Cyl Data ~ 8-Cyl Data
1

SRR

NALAAN

Mass Fration of Burned Fuel (g/g)
Mass Fration of Burned Fuel (g/g)

0 0.5 1 15 2 25 3 0 500 1000 1500 2000 2500
Samples (nd) %10° Samples (nd)

(a) (b)

Figure 7. The in-cylinder mass fraction of burned fuel target features: (a) mass fraction of burned

fuel trace for each of the four engines and (b) mass fraction of burned fuel for each of the four engine
variants at 4000 rpm and 100% fuel index.
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Cyl1 Cyl3 == Cyl 5 cyl7
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Figure 8. The in-cylinder mass flow rate of fuel target features: (a) mass flow rate of fuel for each of
the four engines and (b) mass flow rate of fuel for each of the four engine variants at 4000 rpm and
100% fuel index.
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Figure 9. The in-cylinder mass flow rate of air target features: (a) mass flow rate of air trace for each
of the four engines and (b) mass flow rate of air for each of the four engine variants at 4000 rpm and
100% fuel index.

3.3. Feature Normalization

When developing a set of AI/ML algorithms it is common practice to normalize input
and target features. In this way the hope is that the normalization process can lead to a
more extensible set of algorithms which can be applied to a broader set of testing data. This
is an active area of research, and as such, there are no right or wrong ways of normalizing.
As an example, when modeling three phase AC motors/generators, it is common to use
per unit normalizations; such normalization helps to reduce the dimensionality of the non-
linear dynamic behaviors of the phase voltage, currents, and fluxes, reducing the model
complexity. Normalization methods that reduce the dimensionality are expected to be more
widely applicable for data which lies outside the training datasets. Prior to developing
many of our predictive algorithms, we explored the use of two separate normalization
methods including (1) the z-score [25] and (2) Buckingham 7t normalization [26].

Z-score normalization is the most common form of normalization in which the mean
and standard deviation are used to transform data such that it is normalized. Buckingham
7T normalization is an alternative method which could be used to normalize a set of features,
heavily utilized for preforming dimensional analysis within computational fluid dynamics
simulations or experiments. Normalization methods such as Buckingham 7t that reduce
dimensionality can be an incredibly powerful normalization routine for AI/ML based
algorithms. This assumes that the input and target features can be representable by a set of
base parameters. Prior to developing a large number of the predictive algorithms in this
study, two sets of SANNSs were developed to predict or estimate the in-cylinder conditions
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of the 6-cylinder engine. We used the first cylinder of the 3-cylinder, 4-cylinder and 8-
cylinder engine data as the training features and tested the algorithms on a testing dataset
which included the data from the 6-cylinder engine. The results had indicated that neither
algorithms could predict the desired target feature correctly, however, the predictions
generated by the Buckingham 7t were similar in magnitude to the target, conversely the
z-score normalization led to predictions that were at least one or two orders of magnitude
from the target.

In order to utilize the Buckingham 7 normalization methodology, a dimensionality
analysis was first performed. In so doing, we were then able to select a set of base parame-
ters which could be utilized as a recurrent set. The recurrent set reduces the dimensionality
of the data and enables all the input or target features once normalized to be normalized in
reference to parameters unique to each individual engine. The recurrent set of parameters
used for normalizations included (1) the atmospheric temperature of 273.15 K, (2) the rated
speed of the engine of 3600 rpm, (3) the bore length, and (4) the amount of power generated
as a function of the total number of cylinders, computed to be the rated power of the engine
divided by the total number of engine cylinders. All input and target features where then
normalized with respect to the recurring set of parameters.

3.4. Algorithm Selection

There are many different types of algorithms that can be used for generating a set
of artificial neural networks capable of predicting both linear and non-linear time series,
including SANNs, NARX networks, LSTMNs, RNNs, ResNets, CNNs, Classifiers, and
Multi-Layer Perceptron to name a few. Such algorithms are capable of being used in
real-time or near-real time operation for generating predictions.

SANNSs are the most simplistic form of a neural network. Input features are passed to
one or more hidden layers populated with multiple neurons. A neuron is a mathematical
construct that is meant to emulate a biological neuron. Every input feature is multiplied
by a weighting matrix and summed with a bias forming a linear relationship. The final
resultant of this summation is then passed through an activation function, the activation
function is a nonlinear function that transforms the linear relationship to a non-linear
relationship. The output of each hidden layer is then fed forward to each subsequent
neural network hidden layer. The final hidden layer is succeeded by a final activation
layer which is typically a simple linear regression layer. These types of networks are well
suited for supervised learning, where the data that is learned may be sequential nor time
dependent. However, depending on the input features, the network can be made to learn
time dependencies. These types of neural networks are well suited to learn both linear and
non-linear behaviors. The primary deficiency is that the network has no memory and thus
is considered to be unintelligent. It can provide accurate predictions, but if it does not, it
is hard to troubleshoot the lack of accuracy. These networks have limited understanding
between how the inputs directly lead to the desired predictions and are prone to overfitting.

NARX networks are an alternative form of feed forward neural network. There are two
main differences between NARX networks and SANNS. First, NARX networks possess two
different types of inputs: (1) the same input as a SANN and (2) the predicted target feature,
i.e., feedback. The other major difference is both inputs are passed through a memory
function. The memory function makes these neural networks slightly more computationally
complex than SANNs. The neural networks are well suited for learning sequential and
time dependent data series resulting from the presence of the memory and feedback. This
type of function is capable of learning both linear and non-linear trends and has the same
deficiencies as the SANNSs, but the only major difference is it is naturally well suited for
time series predictions.

LSTMNS are a form of a recurrent neural network (RNN). For this type of neural
network, the inputs are typically passed to a sequential layer, permitting sequences to be
passed directly to the neural network layers. The output of the sequence layer is then
passed to multiple LSTMN layers which have forget, update, and output states. These
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states allow the neural network to learn long-term dependencies between time steps. The
output of LSTMN layers may then be passed to additional LSTMN layers. LSTMNs can
also include drop out layers in which portions of the output are dropped based on a
learning rate. This enables different layers to learn different time dependencies of the target
features. The final hidden neural network layer can then be a fully connected layer and
linear regression layer. Alternatively, the final neural network layer can be concluded by a
Softmax layer followed by a classification layer. This makes the neural network well suited
for learning non-linear time series and sequential relationships for time series prediction or
for image classification. The primary deficiency of this type of neural network is it suffers
from vanishing gradients resulting in significant prediction degradation. LSTMNs can be
coupled with drop out layers to help remove the vanishing gradient, but the network may
still suffer performance degradation.

Recurrent neural networks (RNNSs) possess many of the same functionalities that
LSTMNs provide. An RNN simply means the output is fed as a secondary input back
into the neural network. The network has memory states, which makes it equally well
suited for sequential time series predictions and sequential classification. The primary
deficiencies for this type of neural network is that it cannot account for future inputs to
make decisions and it also suffers from both vanishing and exploding gradients. Data can
grow exponentially during training, which means these neural networks can have severe
convergence related issues.

Residual neural networks (ResNets) are very similar to SANNS, in that they are
primarily made up of feedforward neural network paths. The primary difference between
ResNets and ordinary SANNS is ResNets possess double or triple layer skip connections.
Skip connections can bypass individual neural network layers. The residual layers can
be made to accept arrays as inputs. These neural networks may also possess layers that
reshape or reorient the data. These types of neural networks are often used for classification
type problems. If they have multiple parallel skips, the networks may be classified as
a DenseNet. These neural networks avoid issues with vanishing gradients which can
plague other types of neural networks like LSTMSNs. ResNets are commonly used for
image classification. Similar to RNNSs, the networks suffer from exploding or vanishing
gradients. They are not well suited for long sequence predictions and have slow and
complex training processes.

Convolutional neural networks (CNN) are very well suited for image classification.
They can have one dimensional or multi-dimensional convolution layers. A convolution
layer contains a filter or kernel. In this layer a filter or kernel slides across an array and
elementwise multiplication between the inputs is computed and summed into a single
pixel. This operation is repeated across the full width and height of the convolutional layer.
The output of this layer can then be passed to other convolution layers, pooling layers
or globally averaging layers. This type of neural network is commonly used for image
analysis and classification and can be made to complete non-linear or linear time series
predictions. Primary deficiencies include significantly slower operation resulting from
pooling. The training process usually takes significant time and requires large datasets to
converge significantly and yield sufficiently accurate predictive capabilities.

There are many different types of neural networks and each type of neural network
was created to replace more simplistic neural network variants and overcome various
neural network deficiencies. Because the authors have had success with the LSTMNs and
SANNSs in the past [27], the decision was made to continue to develop and deploy such
algorithms here. We also choose to develop deep artificial neural networks in the form
of CNNs and Kth nearest neighbor classifiers. Both feedforward SANNs and LSTMNs
are considered to be “unintelligent”, in that once they have been trained, they will always
provide a set of predictions. Whether the predictions that are generated by the algorithms
are reasonable becomes exceedingly difficult to understand. This is especially true when
the algorithm is deployed on alternative data sets which may exist outside of the training
dataset. Alternative forms of neural networks and classifiers such as the K-th Nearest



Energies 2022, 15, 8035

13 of 49

Neighbor (KNNs) classifier generate a prediction based on some statistical measure of the
provided set of input features, based on its training data. For this reason, we also chose
to develop several KNN classifiers. Information pertaining to the selected architecture for
each of the eight neural networks generated for the KNNs, CNNs, and ANNSs are provided
in Appendix C of this report.

3.5. Algorithm Experimentation

Once the AI/ML algorithms were trained, they were saved to separate data files. The
ANNSs and KNNs were saved to MATLAB specific data files, while the CNNs were saved to
Python hierarchical data files. Each file contains the final set of weights and biases obtained
through the learning or training of the AI/ML, which is required to invoke the neural
network. Most if not all of the software packages that implement AI/ML also save the
completed AI/ML algorithm as a specialized data structure. The data structure will usually
contain the weights and biases in addition to custom modules or functions that enable the
AI/ML to be invoked, analyzed, visualized, or modified. For this particular research effort,
we preformed two separate experiments with the trained AI/ML including the Single-
Point Operational Conditions experiment and the Multi-Point Operational Conditions
experiment. All AI/ML algorithms were trained to predict the in-cylinder engine states
with respect to crank angle degrees, steady state engine speed, and throttle or fuel index.
The data ranges for each of the three variables are shown in Equations (1)—(3).

In the case of the Single-Point Operational Conditions experiment, we picked a set of
engine operating conditions which were implicitly but not explicitly defined within the
training dataset. This is very important as AI/ML developed for one dataset may have
significantly degraded performance when applied to an alternative dataset if the alternative
dataset is vastly different than the training dataset. With the set of operating points
specified, we constructed a multi-dimensional array. The array must be of consistent size
to the individual neural network architecture as shown in Appendix C. Further, the multi-
dimensional array must be structured in the same way in which the the neural network
was trained. It is common practice to develop scripts for training and testing the AI/ML to
ensure input features are consistently and dependably formed. Once the multi-dimensional
array was formed and normalized as described previously, the prediction function or
module of the AI/ML may be invoked, resulting in the desired AI/ML prediction. Both
the ANN and the KNN were invoked using this methodology. For the most part, the CNN
is also invoked using a similar methodology. The only major difference is the input feature
matrix had to be exported to a compatible data file format which could be imported into
Python; MATLARB specific data files are not supported outside of MATLAB.

In the case of the Multi-Point Operational Conditions experiment, we used the same
approach outlined for the aforementioned Single-Point Operational Conditions experiment.
The only difference was we had to specify multiple sets of engine conditions that sufficiently
spanned the throttle/fuel index and steady state engine speed. The selected operating
conditions were both implicitly and explicitly defined within the training dataset. This
required multiple multi-dimensional input array matrices be constructed. Again, the
multi-dimensional array could then be passed to the AI/ML and subsequently invoked
to produce the neural network predictive response. The results of this experiment as will
be seen subsequently will be visually observable using contour plots. The contour plots
will visually demonstrate the response of the neural network subject to engine speed and
torque. Two separate types of contour plots were generated including the single degree of
freedom (1DOF) and the two degree of freedom (2DOF) neural network responses. The
1DOF contour plot results were generated using each of the neural network configurations
and then plotted with respect to the engine speed and torque as defined within the original
GT-Power engine datasets. Similarly, the 2DOF contour plot results were also generated
using each of the neural network configurations and then plotted with respect to the
engine speed as defined within the original GT-Power engine datasets. Dissimilarly, the
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engine torque was computed using an Equation (Appendix B) and the resulting in-cylinder
pressure responses.

4. Results

For this work, we focused on developing a set of artificial neural networks capable of
approximating the non-linear in-cylinder conditions of a CI engine. As discussed above,
there were eight separate target features of interest, and three dissimilar AI/ML based
artificial neural networks architectures developed. Each engine-data set then contained
multiple sets of three-dimensional matrices as described previously. This section is sub-
divided into two additional sections; the first section labeled as Single-Point Operational
Conditions will show a subset of the results which highlight each individual artificial
neural networks architecture’s ability to predict in-cylinder temperature, pressure, mass
flow rate of air, and mass flow rate of fuel traces for each of the four engines assuming
the engine was to operate at 75% fuel index at 3600 rpm. The second section labeled as
Multi-Point Operational Conditions will present a subset of the results which highlight each
individual artificial neural network architecture’s ability to predict in-cylinder temperature,
pressure, mass flow rate of air, and mass flow rate of fuel at a specific crank angle degree
of 24°, which will vary as a function of the engine speed and torque (various fuel indices
and engine speed operational points). In both sections, we will utilize look-up tables to
interpolate between engine operating conditions not expressly measured assumed to the
theoretical targets which the artificial neural networks should predict.

4.1. Single-Point Operational Conditions

The four dominate sets of conditions that impact the performance of the engine include
in-cylinder pressure (Figure 10), temperature (Figure 11), mass flow rate of air (Figure 12),
and mass flow rate of fuel (Figure 13). The subsequent figures will contain four separate
trajectories including the linearly interpolated operating conditions of the engine Y ;;, the
SANN/ANN prediction Yhmn, the CNN prediction Ylmn, and the most probable KNN
prediction ?l,knn' The trajectories as shown within this section were generated assuming
that the engine was expected to operate at 75% fuel index at 3600 rpm. The data as
contained within the three-dimensional matrices did not explicitly include these operating
points, which is why this operating point was used for preliminary testing. Appendix D
contains all additional figures that illustrate the neural network’s ability to predict the
four remaining in-cylinder target conditions as defined by the sensor measurements tables
shown in Appendix A.

Figures 10-13 contains four separate visualizations which compare the response of
the ANN, CNN, and KNN to the linearly interpolated engine response for each of the four
engine configurations. The top most visualizations include the 3- and 4-cylinder engine
responses, while the bottom most visualizations contain the 6- and 8-cylinder engine
responses. Each visualization then contains four separate trajectories: (1) a solid blue line
with circular markers represents the linearly interpolated engine response, (2) a dashed red
line with diamond markers represents the ANN prediction response, (3) a dashed yellow
line with square markers represents the CNN prediction response, and (4) a dashed purple
line with triangular markers represents the KNN prediction response.

Figure 10 demonstrates the predictive capability of the ANN, CNN, and KNN to
predict the in-cylinder pressure at 75% fuel index at 3600 rpm for one complete cycle of
the engine. Visually it can be observed that the ANN yields the most accurate prediction,
followed by the KNN and CNN. This can be mathematically observed from analysis of
Tables 1-4. The CNN performs the best for the 4- and 6-cylinder engine and noticeably
undershoots for the 3- and 8-cylinder engine. The area in which the AI/ML is prone to
having the most problem providing accurate predictions occurs in the neighborhood of
peak pressure. Peak pressure is determined by fuel injection timing and duration and the
resulting load, thus it makes since that the neural networks are expected to have difficulty
around peak pressure. Recall, the integral of pressure with respect volume is work, so
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being able to accurately predict in-cylinder pressure directly impacts our ability to analyze
energy and exergy of the engine throughout the various engine strokes.
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Figure 10. The in-cylinder pressure traces for the: (a) 3-cylinder engine, (b) 4-cylinder engine,

(c) 6-cylinder engine, and (d) 8-cylinder engine.

Figure 11 demonstrates the predictive capability of the ANN, CNN, and KNN to
predict the in-cylinder temperature at 75% fuel index at 3600 rpm for one complete cycle of
the engine. Visually it can be observed that the ANN yields the most accurate prediction,
followed by the CNN and the KNN. This can be mathematically observed from analysis of
Tables 1-4. The KNN has the worst performance of all three neural networks. It performs
well for the 6-cylinder engine and has a noticeable offset for the 3-, 4-, and 8-cylinder engine.
Dissimilarly to the pressure responses, an offset becomes apparent after peak temperature
was observed. Both the ANN and CNN produce indistinguishable responses. In-cylinder
temperature directly relates to the exergetic efficiency of the engine as it transmits heat to
the engine block, which then must be managed by the engine coolant loops.

Figure 12 demonstrates the predictive capability of the ANN, CNN, and KNN to
predict the in-cylinder mass flow rate of air at 75% fuel index at 3600 rpm for one complete
cycle of the engine. Visually it can be observed that the ANN yields the most accurate
prediction, followed by the CNN and the KNN. This can be mathematically observed from
analysis of Tables 1-4. The CNN appears to perform the best for the 3-cylinder engine,
and in various locations within the 4-, 6-, and the 8-cylinder the CNN over or undershoots
the target. The KNN seems to provide a consistent prediction, but there are some notable
areas where the prediction response deviates from the target. The reason this occurs is
because the KNN was unable to distinguish the target feature from the input features for
the dissimilar engine parameters and conditions observed.



Energies 2022, 15, 8035 16 of 49

2000 2000 - %
R
1800 1800 é %
1600 1600 | i
o 1400 o 1400 H
E E { .
£ 1200 £ 1200 |
g g B
5 5 R
~ 1000 = 1000 | Y s
a4
800 800 - ” §
600 600 /
400 ey 400 by ottt
-100 0 100 200 300 400 500 600 -100 0 100 200 300 400 500 600

Crank Angle (rad) Crank Angle (rad)

(b)

—
o
~

%
1800 - 1% 1800 1 f E
¢} A
1600 - ; 1600 - é 3
< 1400 H < 1400 - |
@ { Y °
g 1200 i % g 1200f A
8 H % g 1 R
E 1000 - ;! k 1000 f ?\é‘éfg"'—e@"‘
= I g =
B adiiy

800 -

4 E 800 62}
600 7 ’P’ ‘Q\AM 600 - \
w4
. v
400 guboyber X 400 A, bondGE
-100 0 100 200 300 400 500 600 -100 0 100 200 300 400 500 600
Crank Angle (rad) Crank Angle (rad)

(0) (d)

Figure 11. The in-cylinder temperature traces for the: (a) 3-cylinder engine, (b) 4-cylinder engine,
(c) 6-cylinder engine, and (d) 8-cylinder engine.
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Figure 12. The mass flow rate of air trace for the: (a) 3-cylinder engine, (b) 4-cylinder engine,
(c) 6-cylinder engine, and (d) 8-cylinder engine.
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Figure 13 demonstrates the predictive capability of the ANN, CNN, and KNN to
predict the in-cylinder mass flow rate of fuel at 75% fuel index at 3600 rpm for one complete
cycle of the engine. Visually it can be observed that the ANN yields the most accurate
prediction, followed by the CNN and the KNN. This can be mathematically observed from
analysis of Tables 1-4. Both the CNN and KNN seem to have some issue around the peak
mass flow rate of fuel for the 3- and 4-cylinder engine. The only other major difference
observed is for the KNN. The KNN does not seem to be able to sufficiently classify that mass
flow rate of fuel near zero. Aside from this fact, all neural networks provide a sufficient
prediction to characterize the mass flow rate of fuel for the selected condition.

The KNN is a type of classifier, and its prediction will be determined by the poste-
rior probability. “In Bayesian statistics, the posterior probability of a random event or an
uncertain proposition is the conditional probability given the relevant evidence or back-
ground” [28], i.e., based on the information used to train the neural network. When a
KNN is invoked, it will output a prediction and a probability vector of each unique class
occurring. One can then begin to understand not only what the prediction may be, but
a range of applicability in which one would expect the prediction to occur within, again
this based on the training data. If a testing dataset is then substantially different from the
training dataset this type of neural network should help illuminate the fact that perhaps
the neural networks prediction is no longer applicable, or simply the testing data extends
outside of the bounds of the training data. To highlight the complete response of the
KNN, the in-cylinder pressure and temperature response resulting from the KNN were
generated in (Figures 14 and 15) using shaded regions where the light green color indicates
high probability of occurring, while dark blue indicates a relatively low probability of
occurring. A black trajectory was also included within the figure, the trajectory represents
the represents the linearly interpolated engine response.
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Figure 13. The mass flow rate of fuel trace for the: (a) 3-cylinder engine, (b) 4-cylinder engine,
(c) 6-cylinder engine, and (d) 8-cylinder engine.
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Figure 14 demonstrates the predictive capability of the KNN to predict the in-cylinder
pressure at 75% fuel index and 3600 rpm for one complete cycle of the engine. Recall
the light green color indicates high probability of occurring, while dark blue indicates
a relatively low probability of occurring. It can be observed that the KNN is visually
highlighting other potential areas in which pressure was observed to have occurred based
on the training data. What this shows is that KNN may be sufficient to provide accurate
predictions. More importantly, it demonstrates a visual interpretation of the training data
set, which can be used to interpret the applicability of the ANN or CNN responses. The
visualization can be used to assess if the tested set of conditions lie outside of the training
dataset, or if the resulting prediction exists outside what was been previously observed.

Figure 15 demonstrates the predictive capability of the KNN to predict the in-cylinder
temperature at 75% fuel index and 3600 rpm for one complete cycle of the engine. Recall
the light green color indicates high probability of occurring, while dark blue indicates a
relatively low probability of occurring. As with the pressure response, the KNN is able to
provide accurate predictions and demonstrate a visual interpretation of the training data
set, which can be used to interpret the applicability of other AI/ML based algorithms.
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Figure 14. The in-cylinder pressure probability map for the: (a) 3-cylinder engine, (b) 4-cylinder
engine, (c) 6-cylinder engine, and (d) 8-cylinder engine.

As mentioned previously, the SANNs, LSTMNs, and CNNs are considered to be
unintelligent. They will always produce a prediction, with no relevant information about
the accuracy unless additional target features or metrics are applied. The KNN however will
provide not only a prediction, but some measure of the perceived accuracy of the prediction
and other possible conditions occurring via the posterior probability. Figures 14 and 15
demonstrate one interpretation of the perceived prediction space. The dark shaded blue
coloration indicates relatively low probability of occurring, while the light green coloration
indicates the highest probability of occurring. The shaded region as generated for the KNN
interestingly shows various other regions in which the selected in-cylinder conditions could
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potently occur within, based on the KNN’s past memory, i.e., the training data. Therefore,
the total response of the KNN also enables us to observe the potential solution space of the
in-cylinder conditions. Once can also observe that even if the KNN response as observed
within Figures 12 and 13 is incorrect (most probably prediction), the shaded KNN response
can help to indicate other applicable regions in which the in-cylinder conditions are likely to
occur based on past information, which could potentially be used as a diagnostic measure
to indicate that either the engine is malfunctioning or deteriorating, or perhaps the new
testing dataset is now significantly different than the training dataset. In that case, the
neural network is perhaps no longer able to yield predictions which are accurate, and
more care should be used if the predictions are being relied upon for control purposes.
Analysis of Figures 10-13 would seem to indicate that the SANN outperform all of the
other neural networks.
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Figure 15. The in-cylinder temperature probability map for the: (a) 3-cylinder engine, (b) 4-cylinder
engine, (c) 6-cylinder engine, and (d) 8-cylinder engine.

For each of the four engines we evaluated the resulting neural network performance
function (Mean Squared Error (MSE)) as shown in Tables 2—4. The look-up table interpolated
response is used as the theoretical engine response and used to compute the MSE of the
resulting neural network prediction. Analysis of the figures and the tables would indicate
that for the specific set of operating points, the SANNs appear to have the best performance,
followed closely by CNNs and the KNNs. Although LSTMNs were employed during
this study as well, many of the LSTMNSs failed to sufficiently converge to yield accurate
predictions due to our desired set of input features. We expect that by changing the input
features, LSTMNSs could in fact be generated. For the particular set of operating conditions,
the SANNs, CNN, and KNNss are sufficient to generate seemingly accurate predictions
which reasonably approximate the desired in-cylinder conditions. Interestingly, of the four
sets of in-cylinder conditions shown within the section, the in-cylinder condition which
showed the greatest sensitivity to yielding accurate predictions was that of the in-cylinder
pressure conditions. This is an unfortunate finding because the generated work of the
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engine varies as a function of the pressure and volume, which in turn is directly related to
the indicated, brake, and aggregate torque generated by the engine. This should also be no
surprise as the in-cylinder pressure can vary widely depending on the injection timing and
amount of fuel/air injected into the cylinders. The SANN again had the better performance
across the board for all engine variants, followed by the KNN. The CNN worked well
for both the 3- and 4-cylinder engines but showed somewhat significant degradation of
predictions when applied to the 6- and 8-cylinder engines.

Table 1. Evaluation of the neural network performance function as applied to the 3-cylinder engine.
The look-up table interpolated response is used as the theoretical engine response and used to
compute the mean squared error of the resulting neural network prediction. Most favorable values
(smallest) are shown in green.

Mean Squared Error (MSE)

Variable ANN CNN KNN

P4_cyll_pres 3.5700 x 1072 2.0613 x 1073 1.8283 x 1071
P4_cyl1_temp 3.2881 x 10 4.8308 x 10! 1.5617 x 10°
P4_cyll_gamma 5.6820 x 107 2.0810 x 10~° 41623 x 107°
P4_cyll_mdot Air 6.2206 x 10~° 7.1954 x 1075 1.9456 x 1074
P4_cyl1_mdotFuel 2.8999 x 1077 9.4247 x 1077 1.1196 x 107°
P4_cyll_ubNonFuel 1.0925 x 1075 1.2275 x 1074 1.9477 x 1073
P4_cyl1_fuel 8.1833 x 10~ 2.3117 x 1078 5.9120 x 107
P4_cyll_burned 1.9412 x 1075 49126 x 107° 1.6713 x 1073

Table 2. Evaluation of the neural network performance function as applied to the 4-cylinder engine.
The look-up table interpolated response is used as the theoretical engine response and used to
compute the mean squared error of the resulting neural network prediction. Most favorable values
(smallest) are shown in green.

Mean Squared Error (MSE)

Variable ANN CNN KNN

P4_cyll_pres 41816 x 1072 1.7304 x 1071 1.8825 x 1071
P4_cyll_temp 3.2321 x 10! 7.3844 x 10! 1.4113 x 10°
P4_cyll_gamma 3.2068 x 107 1.7228 x 1076 5.2345 x 107°
P4_cyll_mdotAir 5.8979 x 1076 3.5265 x 1074 2.6663 x 1074
P4_cyl1_mdotFuel 3.0218 x 10~/ 2.3667 x 1076 1.1989 x 1075
P4_cyll_ubNonFuel 6.1963 x 10~° 5.5871 x 1075 1.1168 x 1073
P4_cyl1_fuel 41992 x 10~° 2.3577 x 1078 4.6409 x 1077
P4_cyll_burned 9.3972 x 10~ 3.3866 x 107° 1.5608 x 103
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Table 3. Evaluation of the neural network performance function as applied to the 6-cylinder engine.
The look-up table interpolated response is used as the theoretical engine response and used to
compute the mean squared error of the resulting neural network prediction. Most favorable values
(smallest) are shown in green.

Mean Squared Error (MSE)

Variable ANN CNN KNN

P4_cyll_pres 2.9740 x 102 1.7859 x 1071 4.0121 x 107!
P4_cyll_temp 2.8046 x 101 5.7238 x 10! 5.9782 x 102
P4_cyll_gamma 3.2783 x 107 2.8521 x 10~° 5.1191 x 107°
P4_cyll_mdot Air 8.2437 x 10~° 4.3717 x 104 4.4307 x 1074
P4_cyl1_mdotFuel 5.0835 x 107 1.8659 x 107° 1.9803 x 107°
P4_cyl1l_ubNonFuel 7.5972 x 1076 7.1091 x 1075 5.1877 x 1073
P4_cyll_fuel 2.0736 x 1077 53221 x 1078 2.6519 x 1077
P4_cyl1_burned 1.3971 x 1075 5.1253 x 1075 5.3425 x 1073

Table 4. Evaluation of the neural network performance function as applied to the 8-cylinder engine.
The look-up table interpolated response is used as the theoretical engine response and used to
compute the mean squared error of the resulting neural network prediction. Most favorable values
(smallest) are shown in green.

Mean Squared Error (MSE)

Variable ANN CNN KNN

P4_cyll_pres 2.4989 x 102 8.9454 x 107! 1.8696 x 1071
P4_cyll_temp 3.8406 x 10! 6.6977 x 10! 1.4447 x 10°
P4_cyll_gamma 3.8753 x 10~/ 1.8690 x 1076 4.6453 x 107°
P4_cyl1_mdot Air 1.7736 x 107° 4.6630 x 107 42817 x 1074
P4_cyll_mdotFuel 5.5587 x 1077 3.2369 x 107° 1.8104 x 107
P4_cyl1_ubNonFuel 1.3654 x 107° 1.2100 x 10~* 1.6471 x 1073
P4_cyl1_fuel 8.1720 x 10~ 4.6813 x 1078 1.9948 x 1077
P4_cyll_burned 1.2606 x 1075 8.1151 x 1075 1.9376 x 1073

4.2. Multi-Point Operational Conditions

The previous set of results illustrated the performance of the ANNs, CNNs, and KNNs,
for a single set of operating points for the duration of one engine cycle. In order to fully test
the predictive capabilities of the neural networks and their robustness, we used the neural
networks to predict a wider range of operational conditions of the engine. Multi-point
three dimensional maps were then generated using the neural networks for a single crank
angle degree state of 24° and various engine speeds, and various throttle or fuel indices
conditions, resulting in Figures 16-19 contain the pressure and temperature contours for
each of the 3-cyl and 6-cyl engine variants, while the 4-cyl and 8-cyl engine variant contours
are included in Appendix D.

Each figure will have seven sub-figures, the first figure is the contour plot illustrating
the response of the lookup-table, presumed to be the true response of the engine. The
remaining six sub-figures then contain two separate responses for the ANN, CNN, and
KNN, termed the single degree of freedom (1 DOF) or two degree of freedom (2 DOF)
neural network responses. The single degree of freedom response (left most set of sub-
figures) illustrates the response of the neural network subject to the originally defined
engine brake torque. This was completed such that we could observe the response of
the neural network to solely predict the desired in-cylinder condition, i.e., pressure or
temperature. This assumption is not strictly correct, because the brake torque is directly
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related to the in-cylinder conditions. In-cylinder pressure will dictate the engine torque.
Because we have predictive capabilities to estimate the in-cylinder pressure, we can also
estimate the resulting engine torque using the brake engine torque equation. Thus, the two
degree of freedom response (right most set of sub-figures) illustrates not only the predicted
in-cylinder condition, but it also includes an estimation of engine’s brake torque. The two
degree of freedom response will then have two sources of error, the torque prediction, and
the in-cylinder condition prediction, providing a better realization of the neural networks
responses to predict dissimilar in-cylinder conditions.

Figure 16 demonstrates the predictive capability of the ANN, CNN, and KNN for the
multi-point operational conditions for the in-cylinder pressure for the 3-cylinder engine.
Figure 16a contains the look-up interpolated engine response, while Figure 16b,d,f contain
the single degree of freedom (1DOF) contours for the ANN, CNN, and KNN, respectively.
For the 1DOF results, upper and lower torque limits were preserved when compared to
Figure 16a. Visually, the CNN and KNN appear to preserve the shape and magnitude of
the contours. The shape of the contours produced by the ANN is similar but has noticeable
differences regarding the magnitude of the contours and the relative location in which they
appear. Similarly, Figure 16¢,e,g contain the two degree of freedom (2DOF) contours for
the ANN, CNN, and KNN, respectively. In this case the KNN appears to produce the most
accurate response to predict both the magnitude and shape of the contour, followed by the
CNN, and then the ANN. Both the ANN and the CNN response is noticeably different.
This results from inaccurate pressure predictions, which are then compounded to estimate
engine torque.

Figure 17 demonstrates the predictive capability of the ANN, CNN, and KNN for the
multi-point operational conditions for the in-cylinder temperature for the 3-cylinder engine.
Figure 17a contains the look-up interpolated engine response, while Figure 17b,d,f contain
the single degree of freedom (1DOF) contours for the ANN, CNN, and KNN, respectively.
For the 1DOF results, upper and lower torque limits were preserved when compared to
Figure 17a. Visually, the ANN, CNN, and KNN all produce responses which preserve the
shape of the contour. In regard to the magnitude of the contour, the KNN preforms the
best, followed by the CNN and the ANN. Similarly, Figure 17c,e,g contain the two degree
of freedom (2DOF) contours for the ANN, CNN, and KNN, respectively. Again, the KNN
appears to produce the most accurate response to predict both the magnitude and shape of
the contour, followed by the CNN, and then the ANN. The ANN response is noticeably
different. Both the ANN and the CNN response are noticeably different, resulting from
inaccurate pressure predictions, which are then compounded to estimate engine torque.

Figure 18 demonstrates the predictive capability of the ANN, CNN, and KNN for the
multi-point operational conditions for the in-cylinder pressure for the 6-cylinder engine.
Figure 18a contains the look-up interpolated engine response, while Figure 18b,d,f contain
the single degree of freedom (1DOF) contours for the ANN, CNN, and KNN, respectively.
For the 1DOF results, upper and lower torque limits were preserved when compared to
Figure 18a. Visually, the CNN, KNN, and ANN appear to preserve the shape and magnitude
of the contours for this particular engine variant. Similarly, Figure 18c,e,g contain the two
degree of freedom (2DOF) contours for the ANN, CNN, and KNN, respectively. The KNN
appears to produce the most accurate response to predict both the magnitude and shape of
the contour, followed by the CNN, and then the ANN. The ANN response is noticeably
different, this results from inaccurate pressure predictions, which are then compounded to
estimate engine torque.

Figure 19 demonstrates the predictive capability of the ANN, CNN, and KNN for the
multi-point operational conditions for the in-cylinder temperature for the 6-cylinder engine.
Figure 18a contains the look-up interpolated engine response, while Figure 18b,d,f contains
the single degree of freedom (1DOF) contours for the ANN, CNN, and KNN, respectively.
For the 1DOF results, upper and lower torque limits were preserved when compared to
Figure 18a. Visually, the CNN, KNN, and ANN appear to preserve the shape and magnitude
of the contours for this particular engine variant. Similarly, Figure 18c,e,g contain the two
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degree of freedom (2DOF) contours for the ANN, CNN, and KNN, respectively. In this
case, the CNN appears to the most accurate algorithm at predicting both the magnitude
and shape of the contour, followed by the KNN and then the ANN. The ANN response
is noticeably different, resulting from inaccurate pressure predictions, which are then
compounded to estimate engine torque.
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Figure 16. The in-cylinder pressure response for the 3-cylinder engine with varying neural networks
and degrees of freedom: (a) Look-up Table, (b) 1 DOF ANN, (c) 2 DOF ANN, (d) 1 DOF CNN,
(e) 2 DOF CNN, (f) 1 DOF KNN, and (g) 2 DOF KNN .
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Figure 17. The in-cylinder temperature response for the 3-cylinder engine with varying neural
networks and degrees of freedom: (a) Look-up Table, (b) 1 DOF ANN, (c) 2 DOF ANN, (d) 1 DOF
CNN, (e) 2 DOF CNN, (f) 1 DOF KNN, and (g) 2 DOF KNN..

Analysis of Figures 16-19 seem to indicate that KNN produces the most accurate
in-cylinder pressure and temperature predictions when considering the single degree of
freedom response, followed closely by the CNN, and that of the ANN. Of the two conditions
shown (pressure and temperature), all variations of the temperature estimates produced
by the KNN, CNN, and ANN produce sufficiently accurate predictions regardless of the
engine type. Many of the pressure estimates produced by the KNNs, CNN, and ANN
produce sufficiently accurate predictions for the 3- and 4-cylinder engines. The CNN and
ANN variants appear to underestimate the in-cylinder conditions for the larger engine
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variants including the 6- and 8-cylinder engines. The 4-cylinder and 8-cylinder engine
variant figures are provided in Appendix D. This only appears to apply to the in-cylinder
pressure conditions, in-cylinder temperature conditions appear to be sufficiently predicted
by any of the KNN, CNN or ANN algorithms.

€ Pressure (MPa)

CAD = 24 deg

Engine Torque (Nm)
8
° 8
© & oo o~ ® © 3 2

1000 1500 2000 2500 3000 3500 4000
Engine Speed (rpm)

€ Pressure (MPa)| €& Pressure (MPa)
CAD = 24 deg CAD = 24 deg
12 4000 12
3500 " 3500 "
10 10
= 3000 = 3000
£ E
z 9 z 9
g 2500 g 250
o 8 o 8
5 2000 5 2000
L 7 L 7
£ 1500 2 1500
=) 6 = 6
i &
1000 5 1000 5
4 500 4
3 0 3
1000 1500 2000 2500 3000 3500 4000 1000 1500 2000 2500 3000 3500 4000
Engine Speed (rpm) Engine Speed (rpm)

~
o
-
—~
n
-

€ Pressure (MPa)| & Pressure (MPa)
CAD = 24 deg CAD = 24 deg

4000 10 4000 10

3500 9 3500 9
— 3000 8 — 3000 8
£ E
S z
3 2500 7 2 2500 7
El El
z g
5 2000 6 5 2000 6
= =
o o
£ 1500 5 £ 150 5
=3 =3
2 2
w w

g
=

0
1000 1500 2000 2500 3000 3500 4000 1000 1500 2000 2500 3000 3500 4000

Engine Speed (rpm) Engine Speed (rpm)
(d) (e)
€& Pressure (MPa)| | @ Pressure (MPa)|
CAD = 24 deg CAD = 24 deg
4000 12 4000 12
3500 " 3500 "
10 10
£ 300 300
€ 2500 ’ € 2500 ’
] 8 E 8
5 2000 5 2000
k: i & v
o o
£ 1500 6 £ 1500 6
2 2
W 1000 5 W 000 5
4 4
500 500
3 3
0 0
1000 1500 2000 2500 3000 3500 4000 1000 1500 2000 2500 3000 3500 4000
Engine Speed (rpm) Engine Speed (rpm)

() (®

Figure 18. The in-cylinder pressure response for the 6-cylinder engine with varying neural networks
and degrees of freedom: (a) Look-up Table, (b) 1 DOF ANN, (c) 2 DOF ANN, (d) 1 DOF CNN, (e) 2
DOF CNN, (f) 1 DOF KNN, and (g) 2 DOF KNN.
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Figure 19. The in-cylinder temperature response for the 6-cylinder engine with varying neural
networks and degrees of freedom: (a) Look-up Table, (b) 1 DOF ANN, (c) 2 DOF ANN, (d) 1 DOF
CNN, (e) 2 DOF CNN, (f) 1 DOF KNN, and (g) 2 DOF KNN.

The single degree of freedom responses illustrated the resulting behavior of the neural
network to predict the in-cylinder condition, which omitted the fact that in-cylinder pres-
sure and brake torque are related. When considering the two degree of freedom responses,
we see once again that the KNN response appears to be the most accurate, followed by the
CNN and the ANN. The KNN is perhaps the most notable of the predictive algorithms
generated as it produces the most accurate looking in-cylinder condition for temperature
and pressure. Further, the KNN seems to retain a close approximation to that of the look-up
table response for the resulting brake torque which is because the KNN produced the
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most seemingly accurate in-cylinder predictions. The CNN and ANN seem to be able to
produce sufficiently accurate predictions, however, prediction errors within the CNN and
ANN pressure neural networks cause similar but more noticeably different brake torque
estimates altering the general shape of the contours. The KNN preserves more of the shape
of the pressure trajectory across all ranges of fuel indices and engine speeds resulting in
closer approximation to in-cylinder pressure, temperature, and brake torque.

5. Conclusions and Future Work

This study demonstrates that reasonably accurate in-cylinder predictions can be gen-
erated by effectively employing various neural network algorithms including Kth Nearest
Neighbor classifiers (KNNs), Convolutional Neural Networks (CNNs), and Shallow Artifi-
cial Neural Networks (SANNSs). The KNN algorithms showed the most promising results
to predict in-cylinder conditions, followed by the CNN, and the ANN. LSTMNs were also
developed, but they failed to sufficiently converge and produce accurate results. We expect
that by altering the input features, the LSTMN algorithms could be improved to result in
comparable performance to the KNN, CNN, and ANN. The neural networks as shown in
this report were capable of producing reasonably accurate predictions for the in-cylinder
pressure, temperature, gamma (the ratio of the specific heat at constant volume to the ratio
of specific heat at constant pressure), mass fraction of fuel, mass fraction of the unburned
nonfuel, the mass fraction of burned fuel, the mass flow rate of fuel into the cylinders, and
the mass flow rate of air into the cylinders.

We expect that the algorithms can be further improved by altering the selected set
of input features to include past time histories of data. None of the algorithms presented
within this document relied upon the current in-cylinder conditions as input features, but
rather general information pertaining to the motion of the piston or crank angle position,
throttle or fuel index, engine speed, and multiple features which relate back to engine
including piston bore, number of cylinders, rated power of the engine, and the estimated
power produced by a single cylinder of the engine. This is an encouraging result because it
means that the algorithms developed can not only reconcile the current set of in-cylinder
conditions, but they could also be used to forecast the future conditions of the engine by
appropriately setting the required set of input features. This is an important conclusion
because most production vehicles lack sufficient sets of in-cylinder sensors. This means
the neural networks can be used to characterize in-cylinder conditions and estimate the
conditions, which in-turn can be used in combination with control algorithms to understand
the potential implications of subjecting the engine to various operational conditions.

Future work will continue to develop such algorithms for the engine, fully characteriz-
ing in-cylinder conditions, such that we can use the algorithms to conduct an exergy-based
analysis of the engines. Research has shown that using exergy-based optimization and
control-based algorithms can likely be used to further improve performance of an engine
when compared to ordinary energy-based solutions. We also intend to explore near-real-
time or real-time training of the pseudo dynamometer-based engine data using the more
detailed crank angle resolved model to be included with a more complete vehicle architec-
ture; this is consistent with autonomous UGVs, UAVs, USVs, and some mid or full-sized
military vehicle variants.

Military platforms typically contain platform specific features and capabilities, some
of which may represent a significant security concern. As a result, one may not be able
to obtain sufficiently reasonably accurate energy and exergy flow characterizations for
various vehicles or engine variants. This work will proceed by utilizing high-powered
computational software packages such as MATLAB/Simulink, GT-Power, or Riccardo
Wave to generate platform specific training data which will permit the development of
training data used to develop our set of AI/ML based algorithms. Once developed, they
can be adapted to an individual vehicle or engine variant through the deployment of
near-real-time or real-time training. Such capabilities will enable development of energy
awareness, making it possible to then optimize the performance of the platform, thus
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providing the warfighter with new and more effective and efficient capabilities that better
satisfy the commanders intent and reduce the cognitive burden to manage dissimilar assets.
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Abbreviations

Definitions

0 Crank Angle

7] Vector of Crank Angle Values

i Fuel Index/Throttle

We Engine Speed

@e Vector of Engine Speed Values
Ly Bore Length

Ls Stroke Length

L Connecting Rod Length

L, Crank Radius Length

p(0) Piston Position as a Function of Crank Angle
Ve Clearance Volume

V() Piston Volume as a Function of Crank Angle
Vi Maximum Displacement

Neyi Total Number of Cylinders

Te Compression Ratio

$(t) Angular Velocity of Engine

(1) Angular Acceleration of Engine
Jeq Engine Inertia

Beg Engine Damping

Thrake Brake Torque

Toad Load Torque

Dy, In-cylinder Pressure

6(t—40°)  40° Proceeding Crank Angle at time ¢
6(t—35°)  35° Proceeding Crank Angle at time ¢

6(t—10°)  10° Proceeding Crank Angle at time ¢
6(t—9°) 9° Proceeding Crank Angle at time ¢
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6(t+10°)  10° After Crank Angle at time ¢

O(t+40°) 40° After Crank Angle at time ¢

T, Atmospheric Temperature

P, Atmospheric Pressure

A(0) Piston Surface Area as a Function of Crank Angle
Peyi Per-Cylinder Rated Engine Power

Prated Rated Engine Power

Wrated Rated Engine Speed

Viis Total Displayed Volume

Y1, int Lookup Table Interpolated Engine State for Cylinder 1
Yl,tmn ANN Predicted Engine State for Cylinder 1
Yllc,m CNN Predicted Engine State for Cylinder 1
Y1 ko KNN Predicted Engine State for Cylinder 1
Acronyms

AFRL Air Forces Research Laboratory

Al Artificial Intelligence

ARL Army Research Laboratory

BDC Bottom Dead Center

CNN Convolutional Neural Network

CAD Crank Angle Degree

CCDC Combat Capabilities Development Command
CI Compression Ignition

DP Dynamic Programming

EMS Energy Management Strategy

GVSC Ground Vehicle System Center

HEMTT Heavy Expanded Mobility Tactical Truck
ICE Internal Combustion Engine

KNN Kth Nearest Neighbor

LSTMN Long-Short Term Memory Network

ML Machine Learning

ResNet Residual Neural Network

RNN Recurrent Neural Network

RPM Revolution per Minute

SANN Shallow Artificial Neural Network

SMET Squad Multipurpose Equipment Transport
TDC Top Dead Center

UAV Unmanned Ariel Vehicle

UuGv Unmanned Ground Vehicle

usv Unmanned Surface Vehicle

Appendix A

A complete list of each of the sensor measurements as obtained from the individ-
ual nodes as shown in Figure 1 of the GT-Power based engine datasets are provided in
Tables Al and A2.
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Table Al. The sensor list pertaining to the inlet conditions of the compressor, the outlet conditions of
the compressor which are the inlet conditions to the air chiller, the outlet conditions of the air chiller
which are the intake manifold conditions, and the condition in each of the engine cylinders.

Sensor  Description Signal Name Units Variable Name Size
N/A N/A Crank Angle Degrees deg CAD [N, 1]

Pressure kPa P1_pres [N, M, K]

Pl Inlet Conditions Temperature K P1_temp [N, M, K]

Gamma klg‘—]K / klg(ilK P1_gamma [N, M, K]

Mass Fraction Unburned Air g/g P1_ubAir [N, M, K]

Mass Fraction Unburned Vapor Fuel g/g P1_ubVapFuel [N, M, K]

g/lllaesls Fraction Unburned Liquid ¢/g P1_ubLiqFuel (N, M, K]

Mass Fraction Unburned Other g/g P1_ubOther [N, M, K]

Mass Fraction Burned Gas g/g P1_bGas [N, M, K]

Enthalpy KJ/kg P1_enth [N, M, K]

Mass Flow Rate kg/s P1_mdot [N, M, K]

Pressure kPa P2_pres [N, M, K]

Temperature K P2_temp [N, M,K]

Gamma é—JK / klgiK P2_gamma [N, M, K]

Mass Fraction Unburned Air g/g P2_ubAir [N, M,K]

Mass Fraction Unburned Vapor Fuel g/g P2_ubVapFuel [N, M, K]

P2 Inlet Conditions of Air Chiller Mass Fraction Unburned Liquid

Fuel 8/g P2_ubLiqFuel [N, M, K]
Mass Fraction Unburned Other g/g P2_ubOther [N, M, K]
Mass Fraction Burned Gas g/g P2_bGas [N, M, K]
Enthalpy kJ/kg P2_enth [N, M, K]
Mass Flow Rate kg/s P2_mdot [N, M, K]
Pressure kPa P3_pres [N, M, K]
Temperature K P3_temp [N, M, K]
Gamma klg<7]K / k1g<7]K P3_gamma [N, M,K]
Mass Fraction Unburned Air g/g P3_ubAir [N, M,K]
Mass Fraction Unburned Vapor Fuel g/g P3_ubVapFuel [N, M, K]
P3 Intake Manifold gl[laesls Fraction Unburned Liquid o/s P3_ubLiqFuel (N, M, K]
Mass Fraction Unburned Other g/g P3_ubOther [N, M, K]
Mass Fraction Burned Gas g/g P3_bGas [N, M, K]
Enthalpy kJ/kg P3_enth [N, M, K]
Mass Flow Rate kg/s P3_mdot [N, M, K]
Pressure kPa P4_cyl#_pres [N, M, K]
Temperature K P4_cyl#_temp [N, M, K]
Gamma k1g<7]K / klg<7]K P4_cyl#_gamma [N, M, K]
- In-cylinder Conditions Mass Flow Fuel kg/s P4_cyl#_mdotFuel [N, M, K]
Mass Fraction Unburned Non Fuel g/g P4_cyl#_ubNonFuel [N, M, K]
Mass Fraction Fuel g/g P4_cyl#_fuel [N, M, K]
Mass Fraction Burned Fuel g/g P4_cyl# burned [N, M, K]
]

Mass Flow Rate kg/s P4_cyl#_mdotAir [N, M, K
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Table A2. The sensor list pertaining to the exhaust conditions of the cylinders, i.e., the exhaust

manifold, the inlet conditions to the turbine, the outlet conditions of the turbine, the resulting

conditions of the crank case, the turbo charger conditions, and the engine block conditions.

Sensor  Description Signal Name Units Variable Name Size
Pressure kPa P5_pres [N, M, K]
Temperature K P5_temp [N, M, K]
Gamma k;—]K / k;—JK P5_gamma [N, M, K]
Mass Fraction Unburned Air g/g P5_ubAir [N, M, K]
. Exhaust Manifold Conditions Mass Fraction Unburned Vapor Fuel g/g P5_ubVapFuel [N, M, K]
Mass Fraction Unburned Liquid Fuel g/g P5_ubLigFuel [N, M, K]
Mass Fraction Unburned Other g/g P5_ubOther [N, M, K]
Mass Fraction Burned Gas g/g P5_bGas [N, M, K]
Enthalpy kJ/kg P5_enth [N, M, K]
Mass Flow Rate kg/s P5_mdot [N, M, K]
Pressure kPa P6_pres [N, M, K]
Temperature K P6_temp [N, M, K]
Gamma k;—]K / k‘g—]K P6_gamma [N, M, K]
Mass Fraction Unburned Air g/g P6_ubAir [N, M, K]
P6 Exhaust Outlet Mass Fraction Unburned Vapor Fuel g/g P6_ubVapFuel [N, M, K]
Mass Fraction Unburned Liquid Fuel g/g P6_ubLiqFuel [N, M, K]
Mass Fraction Unburned Other g/g P6_ubOther [N, M, K]
Mass Fraction Burned Gas g/g P6_bGas [N, M, K]
Enthalpy kJ/kg P6_enth [N, M, K]
Mass Flow Rate kg/s P6_mdot [N, M, K]
Output Brake Torque Nm P7_torqBrake [N, M, K]
Output Indicated Torque Nm P7_torqIndicated [N, M, K]
7 Shaft Conditions Output Brake and Crank Torque Nm P7_torgBrakePlusCrank [N, M, K]
Engine Speed Nm P7_rpm [N, M, K]
Turbo Charger Shaft Torque Nm P8_torq [N, M, K]
P8 Turbo Charger
Turbo Charger Shaft Speed rpm P8_rpm [N, M, K]
P9 Engine Block Wall Temperature K wallTemp [M, K]
Appendix B

A representative figure demonstrating the resultant of the crank angle resolved model
is provided in Figure Al. Additional figures have also been provided which visually
highlights a small subset of the data contained within the lookup tables used within the
crank angle resolved model.
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Figure A2. The three-dimensional pressure map for the first cylinder of the engine at 2200 rpm and
various crank angles and fuel indices for a: (a) 3-Cylinder 85 HP engine, (b) 4-Cylinder 125 HP engine,
(c) 6-Cylinder 275 HP engine, and (d) 8-Cylinder 475 HP engine.
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Figure A3. The three-dimensional temperature map for the first cylinder of the engine at 2200 rpm
and various crank angles and fuel indices for a: (a) 3-Cylinder 85 HP engine, (b) 4-Cylinder 125 HP
engine, (c) 6-Cylinder 275 HP engine, and (d) 8-Cylinder 475 HP engine.
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various crank angles and fuel indices for a: (a) 3-Cylinder 85 HP engine, (b) 4-Cylinder 125 HP engine,
(c) 6-Cylinder 275 HP engine, and (d) 8-Cylinder 475 HP engine.

Brake torque, i.e., the torque generated by the motion of the piston as a result of
the combustion processes of the engine can then be modeled using Equation (A1). This
equation can be used to approximate brake torque of the engine. This equation does not
include any inertial based terms, thus when used it is likely to over-approximate the brake
torque. To account for this, we amended Equation (A1) forming Equation (A2) to include a
scaling factor « and a bias B.

Nuyl 2 2Lg i
LomL? | 2 sin(0)
Thrake = Z Cpcyli% Sll‘l(@) + l

=1 vl 2,/1— E—ésin(Q)z
1

The scale factor is computed by first computing the amplitude of the brake torque
as defined in the three-dimensional matrices. Equation (A1) is then used to compute the
estimated brake torque. The amplitude of the estimated brake torque is then observed,
using the two amplitudes, a scale factor was computed which resulted in both brake torque
trajectories having the same relative amplitude. There is likely to be a bias between the two
trajectories; the initial point of each brake torque trajectory is then used to compute the bias.
By applying the scale factor and bias in this way to Equation (A2), the in-cylinder pressure
trajectories can be used directly to compute brake torque. In a perfect scenario where
the neural networks perfectly replicated the in-cylinder conditions, the neural network
should produce identically equal brake torque estimations to those observed within the
three-dimensional matrices using the scaling and bias correction factors, computed from
analysis of the pseudo-dynamometer engine data. Equation (A2) was used to compute

(A1)
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brake torque for the Multi-Point Operational Conditions two degree of freedom (2 DOF)
neural network responses.

cyl L 7TL2 ) ZLE Sll’l(e)
Thrake = Z chyl . 511‘1(9) + l

Neyt 2,/1- i—ésin(@)z
1

Additional information pertaining to the selected AI/ML architecture and software
package used to develop and deploy the AI/ML are provided within the subsequent
subsections of this appendix.

+B (A2)

Appendix C

Appendix C.1. Artificial Neural Network

Eight separate Artificial Neural Network (ANNSs) were developed for this research
effort, more detailed information regarding the architecture of each ANN is provided in
Figures A5 and A6, information regarding the configuration of each ANN is then provided
in Table A3.

The Al/algorithms were developed using MATLAB/ Simulink’s Deep Learning Tool-
box, specifically using Neural Network Fitting application in which two-layered feed-
forward neural networks can be generated. We used the application to generate a compre-
hensive training script to reduce training workflow. Data as defined in pseudo-dynamometer
datasets was imported, concatenated, normalized, and used to develop and evaluate the

AI/ML algorithms.
1 Vf Yoo Vo Vol )
| 1 1 1 | 1 | 1 |
o-+-m-o- - +m- S e = :,m»:» :,m»:» = ]
B e | B e | B e B e | B |
\ \ J \ \ \
Hidden Layer 1 Hidden Layer 2 Hidden Layer 3 Hidden Layer 4
15 25 15 10 Output Layer
Figure A5. Artificial Neural Network Configuration 1.
e \ \
I I
| |
I%M = .
I tanh I I I
\ l \ /:
Hldder;;ayer 1 Output Layer
Figure A6. Artificial Neural Network Configuration 2.
Table A3. The selected neural network configuration parameters used to construct the ANNS.
Input Feature List Recurrent Feature List ~ Target Feature List Hidden Layer Size
6(t —40°),0(t—35°),0(t—30°),0(t —25°),0(t — 20°), P4_cyl1l_burned [15 25 15 10]
6(t—15°),0(t—10°),0(t —9°),0(t —8°),0(t —7°), P4_cyll_fuel [15 2515 10]
0(t—6°),0(t—5°),0(t—4°),0(t—3°),0(t—2°), P4_cyll_gamma [15 25 15 10]
0(t—1°),0(t),0(t+1°),0(t+2°),6(t+3°), P4_cyll_mdotAir [15 25 15 10]
Py, Weatedr Lo, Neyt, T
0(t+4°),0(t +5°),0(t +6°),0(t +7°),0(t + 8°), cylr Wrated: =br Teyls T8 py ov11_mdotFuel [15 25 15 10]
0(t4+9°),0(t+10°),0(t +15°),0(t +20°), P4_cyll_pres [25]
6(t+25°),0(t+30°),0(t+35°),0(t+40°),1, we, P4_cyll_temp [15 25 15 10]

Ta, Pa, V(0), A(0), Peyt, Prated, Wratedr N, Vigis, Ly P4_cyll_ubNonFuel [15 2515 10]
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Appendix C.2. Convolutional Neural Network

Eight separate Convolutional Neural Networks (CNNs) were developed for this
research effort, more detailed information regarding the architecture of each ANN is
provided in Figure A7, information regarding the configuration of each ANN is then
provided in Table A4.

The Al/algorithms were developed using Python’s tensor flow package. Data as
defined in pseudo-dynamometer datasets was imported into MATLAB/Simulink, concate-
nated, normalized, and then exported to Microsoft Excel document files. Anaconda/Spyder
was then used to develop a custom Python script to import data contained in the Excel
document files and train the AI/ML. A secondary script was then created to simulate the
trained AI/ML, and then export a similar Excel document file which could be imported
into MATLAB/Simulink.

7
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Fully Connected Regression
Layer Layer

One Dimensional One Dimensional One Dimensional

Convolution Layer Convolution Layer Convolution Layer Global Averaging Pool

Figure A7. Convolutional Neural Network Configuration.

Table A4. The selected neural network configuration parameters used to construct the CNNs.

Input Feature List Recurrent Feature List  Target Feature List Architecture

o(t), 1, P4_cyll_burned Ux

We, Ty P4_cyll_fuel Conv1D(10, kernel_size =5, strides =¢2, activation = relu, padding = same)

P, V(0), P4_cyll_gamma Conv1D(20, kernel_size = 5, strides =¢2, activation = relu, padding = same)

A(6), Py, P4_cyll_mdotAir Conv1D(30, kernel_size = 5, strides = 2, activation = relu, padding = same)
Pcyl/ Wrateds Lo, NC_I/I/ T, 1 .

Prated. P4_cyl1_mdotFuel Global Averaging Pool

Wratedr P4_cyll_pres Defse

N, Vs, P4_cyll_temp Linear Actllzatlon Layer

Ly P4_cyl1_ubNonFuel Yx

Appendix C.3. Kth Nearest Neighbor Classifier

Eight separate Kth Nearest Neighbor (KNN) Classifiers were developed for this
research effort, more detailed information regarding the architecture of each ANN is
provided in Figure A8, information regarding the configuration of each ANN is then
provided in Table A5.

The Al/algorithms were developed using MATLAB/ Simulink’s Statistics and Ma-
chine Learning Toolbox. As was done for the ANN or CNN, data as defined in pseudo-
dynamometer datasets was imported into MATLAB/ Simulink, concatenated, normalized.
Prior to training the network, the normalized target features were discretized into between
50 and 200 unique data categories or labels. Once trained the network will identify the
category or label with the highest probability of occurring. The KNN also outputs the
probability of the other categories or labels occur which enables the heat map response of
the KNN to be observed.
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Kth Nearest Neighbor
Classifier

Figure A8. Kth Nearest Neighbor Classifier Configuration.

Table A5. The selected neural network configuration parameters used to construct the KNNs.

Input Feature List

Recurrent Feature List Target Feature List Number of Nearest Neighbors
6(t—40°),0(r—35°),0(t—30°),0(t —25°),0(t —20°),

P4_cyl1l_burned 150

0(t—15°),0(t — 10°),8(t — 9°),6(t — 8°),0(t — 7°), P4_cyll_fuel 75
0(t—6°),0(t—5°),0(t—4°),0(t—3°),0(t—2°), P4_cyll_gamma 5
6(t—1°),0(t),0(t+1°),0(t+2°),0(t+3°), P4_cyll_mdotAir 25
O(t +4°),0(t +5°),0(t+6°),0(t +7°),0(t +8°), Fegtr ratea: Lo N Ta 5 1 mdotFuel 15
0(t+9°),0(t+10°),0(t +15°),0(t + 20°), P4_cyll_pres 150
Ot +25°),0(t+30°),0( +35°),0(t +40°), 4, we, P4_cyll_temp 15
Ta, Pa, V(8), A(8), Peyt, Prateds Wrateds Neyts Viiss L P4_cyll_ubNonFuel 150

Appendix D

This appendix contains the complete list of results collected from the Single-Point Op-

erational Conditions experiment or the the Multi-Point Operational Conditions experiment
for completeness of the study.

Appendix D.1. Additional Single-Point Operational Conditions Figures

The complete set of neural network responses for each of the eight target features for
each of the four engines as applied to each individual engine cylinder in regards to the
single-point operational conditions have been provided in Figures A9-A12.
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Figure A12. The mass fraction of the unburned nonfuel traces for the: (a) 3-cylinder, (b) 4-cylinder,
(c) 6-cylinder, and (d) 8-cylinder engine.
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Figure A13. The in-cylinder mass flow rate of air probability map for the: (a) 3-cylinder, (b) 4-cylinder,
(c) 6-cylinder, and (d) 8-cylinder engine.
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Figure A14. The in-cylinder mass flow rate of fuel probability map for the: (a) 3-cylinder, (b) 4-
cylinder, (c) 6-cylinder, and (d) 8-cylinder engine.
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Figure A15. The in-cylinder mass fraction of fuel probability map for the: (a) 3-cylinder, (b) 4-cylinder,

(c) 6-cylinder, and (d) 8-cylinder engine.
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Figure A16. The in-cylinder mass fraction of burned fuel probability map for the: (a) 3-cylinder,
(b) 4-cylinder, (c) 6-cylinder, and (d) 8-cylinder engine.
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Figure A18. The in-cylinder mass fraction of the ratio of specific heat probability map for the:
(a) 3-cylinder, (b) 4-cylinder, (c) 6-cylinder, and (d) 8-cylinder engine.

Appendix D.2. Additional Multi-Point Operational Conditions Figures

The main body of the technical document highlighted the multi-point operational
conditions experiment results related to the 3-cylinder and 6-cylinder engine. Thus, the
4-cylinder and 8-cylinder engine multi-point operational conditions figures were included
within this section of the appendix for reference.
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Figure A19. The in-cylinder pressure response for the 4-cylinder engine under varying neural
networks and degrees of freedom: (a) look-up table, (b) 1 DOF ANN, (c) 2 DOF ANN, (d) 1 DOF
CNN, (e) 2 DOF CNN, (f) 1 DOF KNN, and (g) 2 DOF KNN.
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Figure A20. The in-cylinder temperature response for the 4-cylinder engine under varying neural
networks and degrees of freedom: (a) look-up table, (b) 1 DOF ANN, (c) 2 DOF ANN, (d) 1 DOF
CNN, (e) 2 DOF CNN, (f) 1 DOF KNN, and (g) 2 DOF KNN.
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Figure A21. The in-cylinder pressure response for the 8-cylinder engine under varying neural
networks and degrees of freedom: (a) look-up table, (b) 1 DOF ANN, (c) 2 DOF ANN, (d) 1 DOF
CNN, (e) 2 DOF CNN, (f) 1 DOF KNN, and (g) 2 DOF KNN.
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Figure A22. The in-cylinder temperature response for the 8-cylinder engine under varying neural
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CNN, (e) 2 DOF CNN, (f) 1 DOF KNN, and (g) 2 DOF KNN.
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