Downloaded viaZHEJANG UNIV on May 15, 2024 at 11:40:56 (UTC).
See https://pubs.acs.org/sharingguidelines for options on how to legitimately share published articles.

IREC

research

Industrial & Engineering Chemistry Research

pubs.acs.org/IECR

EVE

Machine Learning Approaches for Predicting Ignition Delay in
Combustion Processes: A Comprehensive Review

Maysam Molana,* Sahar Darougheh, Abbas Biglar, Ali J. Chamkha, and Philip Zoldak

Cite This: Ind. Eng. Chem. Res. 2024, 63, 2509-2518

I: I Read Online

ACCESS |

[l Metrics & More

| Article Recommendations

ABSTRACT: This review explores machine learning approaches for  2s r T .7
predicting ignition delay in combustion processes. Ignition delay is a o
vital parameter in optimizing the engine design, fuel formulations, and 20
combustion efficiency. The review examines the applications of artificial
neural networks (ANNSs) and convolutional neural networks (CNNs) in
various combustion processes and equipment, such as engines, boilers,
and rapid compression machines. The differences between ANNs and
CNNs are discussed, highlighting their capabilities and limitations.
Numerous studies are presented, demonstrating the successful s b
application of neural networks in predicting ignition delay for different
fuels and engines. Overall, machine learning approaches show great 0 - . -«
promise in accurately predicting the ignition delay and advancing

energy utilization.

1. INTRODUCTION

A segment of the scientific community is actively exploring
alternatives to hydrocarbon-based fuels in order to address the
growing global energy demand. Nonetheless, carbon-based
fuels are anticipated to remain the predominant and reliable
sources of energy for the foreseeable future. Another promising
approach involves the optimization of existing combustion
technologies, as substantial endeavors have been dedicated to
enhancing the efficiency of fossil fuel utilization. In the pursuit
of this objective, a comprehensive understanding of
combustion characteristics is imperative. To gain such insights,
several experimental investigations and numerical studies,
including zero-dimensional (0-D) and three-dimensional (3-
D) modeling, have been undertaken.

In recent decades, neural networks have emerged as
powerful tools for addressing a wide array of complex scientific
challenges, drawing inspiration from principles governing the
human mind. This development holds great promise for the
research community, offering the potential for highly accurate
simulations that demand significantly reduced execution times
and computational resources compared to traditional methods.
Neural networks have already demonstrated their utility in
effectively simulating diverse combustion processes and
equipment including but not limited to spark ignition engines,"
compression ignition engine,” chemical kinetics,” optical
diagnostics,4 gas turbine,” boilers,® burners,’ rapid compres-
sion machines (RCMs),”® and shock tubes.”

A thorough comprehension of ignition delay allows
engineers and researchers to optimize engine design and fuel
formulations, leading to more efficient and environmentally
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friendly combustion processes. Moreover, ignition delay plays
a significant role in ensuring engine safety, preventing knock or
detonation and promoting stable combustion, all of which are
vital for the automotive and energy sectors. Consequently, a
deep understanding of the ignition delay is fundamental for
advancing technology and achieving more sustainable and
efficient energy utilization. A large amount of experimental and
numerical research has been performed to understand the
combustion and autoignition processes.'*”"?

The concept of ignition delay carries various definitions
contingent on the specific application. It can be defined as the
time period between the moment of end of compression stroke
and the moment of pressure gradient local maxima as
illustrated in Figure 1. It also can include multiple stages
based on the sensitivity of the fuel and the physics of the
phenomenon. This definition is useful in compression—
ignition engines. In the context of spark-ignition engines, the
ignition delay can also be defined as the time from spark
initiation to the time when 10% of the mass is burned. Figure 1
describes the ignition delay, which is well-suited for premixed
fuel/oxidizer blends commonly utilized in rapid compression

machines. In the context of combustion devices, such as
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Figure 1. Pressure and pressure gradient of the n-heptane/oxygen/
nitrogen mixture. The compressed gas tem%)erature was 633 K, and
the compressed gas pressure was 13.5 bar."* Reproduced or adapted
with permission from.'> Copyright [2021] [ACS].

compression ignition engines, where fuel is introduced into
oxidizer during compression, ignition delay is conventionally
defined as the duration from the initiation of fuel injection to
the moment of ignition (specifically, the peaks of local pressure
gradient). This comprehensive definition of ignition delay
encompasses both physical delays (such as liquid spray
breakup and droplet vaporization) and chemical delays
involving fuel oxidization and pyrolysis.

On the other side, machine learning constitutes a subset
within the realm of artificial intelligence, concentrating on
crafting algorithms and statistical models. These tools
empower computers to acquire knowledge, enabling them to
make predictions or decisions that are devoid of explicit
programming tailored to specific tasks. Machine learning
methods have a wide range of applications, including but not
limited to image and speech recognition," natural language
processing and text emalysis,14 recommendation systems (e.g.,
personalized product recommendations),’> autonomous ve-
hicles,lé robotics,'” healthcare (e.g., disease diagnosis and drug
discovery),"® financial modeling,"” fraud detection,” predictive
maintenance,™ climate forecasting,22 and so on.

A neural network serves as a computational model, drawing
inspiration from the structural and functional attributes of
biological neural networks, notably those observed in the
human brain. Neural networks are a fundamental component
of deep learning, a subfield of machine learning that focuses on
training deep and complex neural networks. A neural network
is comprised of interlinked nodes referred to as neurons,
whether biological or artificial in nature, systematically
arranged into distinct layers. These layers conventionally
encompass an input layer, one or more hidden layers, and an
output layer. These layers typically include an input layer, one
or more hidden layers, and an output layer. Here is definition
of some of its basic concepts:*’

e Input Layer: the input layer receives the initial data or
features (experimental or numerical) that are fed into
the neural network. Each neuron in the input layer
corresponds to a physical parameter of the data.

Hidden Layers: Between the input and output layers,
there can be one or more hidden layers. These hidden
layers perform intermediate computations and are
responsible for learning complex patterns and represen-
tations in the data. Each neuron in a hidden layer is

2510

connected to neurons in the previous and subsequent
layers.

Output Layer: The output layer generates the outcome
or prediction, a consequence of computations conducted
by the hidden layers. The quantity of neurons within the
output layer is contingent upon the unique requirements
of the given task, such as classification (where each
neuron represents a class) or regression (where each
neuron represents a numerical value).

Weights and Biases: each connection between neurons
in adjacent layers has an associated weight, which
determines the strength of the connection. Additionally,
each neuron typically has an associated bias, which helps
in adjusting the neuron’s output. These weights and
biases are learned during the training process.
Activation Functions: activation functions are used in
neural networks to introduce nonlinearity into the
model. Nonlinearity is essential for capturing complex
relationships in the data. Common activation functions
include the sigmoid function, ReLU (Rectified Linear
Unit), and tanh (hyperbolic tangent).

Training: training a neural network involves the process
of learning from input data. The network makes
predictions, and the error or loss between its predictions
and the actual target values is computed. The back-
propagation algorithm is then used to update the
weights and biases of the network to minimize this
error. This process is repeated iteratively until the
network’s performance on the training data reaches an
acceptable level.

Neural networks can be categorized into several main types
based on their architectural characteristics and the types of
problems they are designed to solve. The two most important
categories are artificial neural networks (ANNs) and convolu-
tional neural networks (CNNs). Each of these has specific
capabilities and limitations. Their differences are summarized
in Table 1.

In summary, ANNs are more general-purpose neural
network architectures that can be applied to a wide range of
tasks. On the other hand, CNNs are specialized for tasks
involving grid-like data, particularly image-related tasks. When
working with images, CNNs are often the preferred choice due
to their ability to automatically learn hierarchical features from
raw pixel data, reducing the need for manual feature
engineering. In this review, the focus was placed on the
capabilities and recent advancements of ANNs and CNNs in
ignition delay prediction. A general introduction on ignition
delay and neural networks has already been presented. The
application of ANNs and CNN:s in ignition delay prediction is
presented in the next two sections. The important studies, their
methodology, and results will be discussed.

2. APPLICATION OF AN ARTIFICIAL NEURAL
NETWORK IN IGNITION DELAY PREDICTION

The pioneering work on employing neural networks to forecast
the ignition delay of diesel fuel was introduced by Basu et al.”*
in 2003. They analyzed 60 commercial diesel samples by using
an ignition quality tester (IQT). These experimental results,
coupled with specific input parameters, were employed to train
the ANN model with Statistica software serving as the
computational tool. The outcome of their research demon-
strated a remarkably strong correlation between the predicted
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and observed cetane numbers, affirming the efficacy of the
ANN-based approach in predicting the ignition delay for diesel
fuels.

Choi and Chen™ aimed to integrate a semiempirical model
designed for predicting ignition delay in an HCCI (Homoge-
neous Charge Compression Ignition) engine with an ANN
model to forecast the start of combustion (SOC). The ANN
model was trained through the back-propagation algorithm
with temperature (790—1270 K), pressure (1—45 atm),
equivalence ratio (0.2—1.0), and EGR (exhaust gas recircula-
tion) percentage (0—60%) as inputs. In their ANN
architecture, a configuration is explored comprising one or
two hidden layers and an output layer featuring a single node
to represent the ignition delay, as depicted in Figure 2.

CNN

ANNSs are versatile and can be applied to a wide range of tasks like classification, regression, and Designed to process grid-like data, like images, and multidimensional arrays. They are highly effective in
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Input _ =T\ Delay

Vanables lime

Input Hidden Output
Layer Layers Layer

Figure 2. Back-propagation artificial neural network with two hidden
layers.”® Reproduced or adapted with permission from.** Copyright
[2005] [Elsevier].

connected layers. Convolutional layers use filters to convolve over input data, capturing local patterns and

features. Pooling layers reduce dimensionality.
to capture patterns at different spatial scales, making them capable of feature learning.

tasks that involve extracting hierarchical features from visual data.

segmentation, and feature extraction.

CNN' s are more parameter-efficient and can achieve good performance with smaller data sets, thanks to
their ability to learn local features.

CNN's can automatically learn hierarchical features from raw input data. Convolutional layers are designed

CNNs have a specialized architecture with layers like convolutional layers, pooling layers, and fully
CNNss are highly effective for image-related tasks, such as image classification, object detection, image

Achieving accuracy in the ANN model necessitates fine-tuning
of several key parameters. These parameters encompass factors
such as the epoch size, the quantity of nodes within the hidden
layer, and the frequency at which testing is conducted during
training, as quantified by the number of epochs between tests.
They found out that the model is capable of providing
reasonably accurate predictions of the SOC. It was also found
to be much faster than a detailed chemistry solution.

Another interesting study was performed by Kannan et a
They developed an ANN model using injection pressure
(220—-300 bar) and injection timing (23—28 °bTDC) as
inputs to predict several important combustion performance
and emissions parameters, including ignition delay of a diesel
engine that was burning waste cooking palm oil-based
biodiesel. They first performed a series of experiments in a
single cylinder, four-stroke direct injection diesel engine. The
engine was run at full load condition and a constant speed of
1500 rpm to train the ANN model by using the experimental
data based on the back-propagation learning algorithm. They
observed that the ANN model predicts the target character-
istics very accurately.

Rezaei et al.”” used experimental data of an HCCI engine to
train a feed-forward ANN model by two inputs of butanol
volume percentage (6—48.5%) and equivalence ratio (0.30—
0.43%) and seven outputs of IMEP (indicated mean effective
pressure), indicated thermal efficiency, net total heat released,
maximum in-cylinder pressure, total hydrocarbon, NO,, and
CO. They observed that the ANN model predicts HCCI
engine performance metrics with less than 4% error (Figure 3).

Huang et al.’® employed machine learning methods to
predict ignition delay of a Jet A-1/hydrogen fuel mixture in a
single cylinder heavy duty research compression ignition (CI)
engine to reduce the time and cost of experimentations in a
wide range of operational conditions including pressure (1.0—

126

ANN

even sequential data processing. They are not specialized for any particular type of data but can

be adapted to various data formats.
layers. Neurons in ANNs are fully connected to neurons in adjacent layers.

often necessary to preprocess the input data effectively.
due to the lack of specialized layers for feature extraction.

They consist of layers of interconnected neurons, typically including input, hidden, and output
involving visual data.

ANNSs require hand-crafted feature extraction in many cases, meaning that feature engineering is
ANNSs can process images but may not perform as well as CNNs when dealing with visual data
Training ANNs may require a larger number of parameters and data compared to CNNss for tasks

Criterion

Purpose and

Specialization
Architecture
Feature

Learning

Processing
Training

Table 1. Differences between ANNs and CNNs in Terms of Five Important Criteria
Image
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Figure 3. Predicted values by using an ANN model for an HCCI engine versus the experimental data for a) IMEP, b) net total heat released, c)
maximum in-cylinder pressure, and d) total hydrocarbon.27 Reproduced or adapted with permission from.”” Copyright [2015] [Elsevier].

20.0 atm), temperature (800—1600 K), equivalence ratio
(0.5—1.5), and blending molar ratio of hydrogen (0—0.5). To
this end, first, they simulated ignition delay times using the
HyChem (hybrid chemistry)” reaction mechanism.
Following validation against experimental data, an ANN
model was trained using a database of ignition delay times.
Additionally, a sub-ANN was incorporated into the primary
ANN model to enhance the performance under specific local
conditions. A comparison of their predicted ignition delay
versus the simulated ones at different test conditions is shown
in Figure 4. The basic ANN model, featuring five hidden
layers, demonstrated proficient predictions of ignition delay
times, yielding a mean relative error of 1%. Nonetheless, under
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Figure 4. Simulated ignition delays
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Copyright [2022] [Sage].
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specific conditions characterized by short ignition delays, the
maximum local relative error was extended up to 10%. The
introduced nested sub-ANN methodology effectively mitigates
the maximum local relative error associated with ANN
predictions to levels below 5%. Notably, the proposed data-
driven ANN approaches exhibit a computational efficiency
approximately 1000 times greater than that of the HyChem
simulation method in the context of ignition delay prediction.

In their study, Van Tuan and colleagues™ harnessed artificial
neural networks (ANNSs) and support vector machine (SVM)
techniques to forecast ignition delay in a single-cylinder
compression-ignition engine, focusing on both diesel and
biodiesel fuels. To develop their predictive models, they
employed a training data set comprising more than 700
experimental data points. The input layer of their models
featured four neurons, representing the biodiesel ratio,
pressure, temperature, and equivalence ratio. The outcomes
of their analysis, which involved training and assessing model
accuracy, demonstrated that the SVM model outperformed the
ANN model in predicting the ignition delay with greater
precision.

Nagaraja and Sarathy’' developed an artificial neural
network to predict ignition delay of natural gas in a
homogeneous charge compression ignition engine. The
model consists of 13 inputs and utilizes three hidden layers
during training, employing a backpropagation approach. To
optimize the network architecture, a grid search was conducted
to tune the hyperparameters. Each hidden layer of the model
contains 1024 nodes, while the output layer contains a single
node. In order to prevent overfitting, a dropout fraction of 0.2
is applied to each hidden layer. The database is divided into

https://doi.org/10.1021/acs.iecr.3c04097
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60% training data, 20% validation data, and 20% test data. The
model was trained using the Keras library with the TensorFlow
package.”

The inputs were scaled using the standard scaler from the
scikit-learn package.”® The activation function “ReLu” was
applied to all hidden layers. For optimization, the Adam
optimizer was utilized with a learning rate of 0.0001 and a
batch size of 10. The model underwent training for a total of
1000 epochs. The results indicate that the developed model
outperforms a multiple linear regression approach and is
validated through shock tube experiments.

3. APPLICATION OF CONVOLUTIONAL NEURAL
NETWORKS IN IGNITION DELAY PREDICTION

Popov et al.”* demonstrated an intriguing use of convolutional
neural networks (CNNs) in the field of combustion. Their
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Figure S. Convolutional neural network used to predict hydrogen
ignition in a complex flow.>* Reproduced or adapted with permission
from.** Copyright [2019] [Elsevier].

study involved a low-speed wind tunnel, where a flush-
mounted jet was directed perpendicularly from the tunnel wall
into a turbulent boundary layer. Within this setting, they
created a laser-induced optical breakdown (LIB) hotspot.
Initially, a comprehensive hydrogen chemical model was
employed to simulate the behavior of the radicals and any
ensuing chemical reactions. Subsequently, the obtained results
were utilized for the training of a CNN model, as depicted in
Figure S.

The CNN model follows a layer-by-layer structure using
Keras terminology.35 The initial layer, known as the input
layer, accepts a 150 X SO X 1S5 input array, representing a

0

10
z =
= P e
=] rs
8103 E
g F 50, 0 50 E
z:,u') i o rro,r/, ;i 200 ]
S 2| +100%. #2150 |
I 2l 1007
3 7 50% Of_50 ]
& ]
-3 R TTTY BT B
10
10° 10° 10" 10°

Simulated 1°-Stage IDT (s)

Figure 7. Parity plot and histogram of CNN-derived correlation
between the explicitly simulated and predicted first-stage ignition
delay using OH/HO, PFR training data.*® Reproduced or adapted
with permission from.*® Copyright [2020] [Elsevier].

discretized 2D field with 15 variables. This input undergoes
three sets of convolution and pooling layers, each comprising a
2 X 2 convolutional layer with an ReLU activation function
(rectified linear unit), followed by a 2 X 2 max pooling layer. In
the subsequent step, the 17 X 5 X 64 tensor is flattened into a
5440-dimensional vector. Following this, two fully connected
dense layers are introduced, each with 512 units and ReLU
activation. To mitigate overfitting, a dropout layer is added
after each dense layer with a dropout coeflicient set at 0.85.
Dropout involves randomly deactivating a portion (in this case,
85%) of the neurons within a layer, which has been proven to
be effective in 6preventing overfitting.

Buras et al.*® explored the potential for predicting the initial
ignition delay of highly diluted fuels within a high-pressure
plug flow reactor (PFR) by employing a well-trained CNN
model. Their approach involved designing a CNN model that
took one-dimensional profiles of chemical species such as OH,
HO,, CH,0, and CO, as input and aimed to predict the first-
stage ignition delay as its output. This model incorporated
several hidden layers to enhance its predictive capabilities.

The CNN models offer a notable advantage in addressing
this issue as they make efficient use of fitting parameters,
consequently mitigating the likelihood of overfitting. In a CNN
convolutional layer, filters comprising a limited set of fitted
weights are employed to target specific regions within the input
data. These filters are systematically scanned (convolved)
across the input, resulting in the creation of fresh images or
profiles, known as feature maps.

Feature maps serve as indicators of the regions within the
input data where specific features are detected. Typically,
before proceeding to the subsequent convolution layer, it is a
common practice to perform pooling on the feature maps. This
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input species profiles undergo a convolution process, resulting in 8 feature maps. Throughout the convolution process, the number of channels
remains constant, while the pooling layer gradually reduces the size of the feature maps. In the final block of the CNN, all the feature maps are
flattened into a one-dimensional vector and connected to the subsequent Artificial Neural Network (ANN) along with inputs comprising T, P, and
7.** Reproduced or adapted with permission from."* Copyright [2023] [Elsevier].

pooling operation involves amalgamating neighboring data
points within a specified pooling width, resulting in a
condensed feature map. These condensed feature maps then
serve as inputs to the next convolutional layer. Once the final
convolutional layer is reached, the ultimate collection of
feature maps needs to be transformed into a single label or
value (first-stage ignition delay) (Figure 6).

Figure 7 shows their results of predicted first-stage ignition
delay by using a CNN model versus simulated ones. The graph
is generated through a process involving ten distinct CNN
training fits, employing a 10-fold cross-validation approach.
The data sets were organized by their target ignition delay
times, dividing all PFR ignition delay simulations into ten
equally sized batches, arranged in ascending order of their first-
stage ignition delay values. Within each fold, one of these
batches was designated as the test data, while the remaining
nine batches were used for training purposes. To clarify, in the
first fold, the CNN model was trained on the least reactive 90%
of the simulations (those with the longest ignition delays) and
subsequently tested on predictions for the most reactive 10%
of the simulations.

In Fold 2, the CNN model was trained using data from the
least reactive 80% and the most reactive 10% of the
simulations, while the test set encompassed data falling
between 10% and 20% in terms of decreasing reactivity. This
graph illustrates that CNN-derived ignition delay predictions,
based on the PFR simulations, generally align well with the
simulated values, although the level of agreement does exhibit
some minor variations across the different fits. The most
demanding challenge emerged during extrapolation to the
longest ignition delays, as indicated by the largest deviation
from parity in Figure 8. Nevertheless, the overall distribution of
errors centers around 0%, with a root-mean-square (RMS)
error of just 10.2%. This level of error is comparable to the
typical uncertainties reported for ignition delays measured in
either shock tube or rapid compression machine (RCM)
experiments.

Yang et al.”’ trained ANN and GCN (graph convolutional
network) models to predict ignition delay of different short-
chain fuels in a homogeneous reactor. A GCN model shares
similarities with the traditional CNN in its approach to feature
learning through examination of neighboring nodes. It
encompasses the aggregation of node vectors, forwarding the
outcome to a dense layer, and the application of nonlinearity
via an activation function. In essence, it comprises key
components: a graph convolutional step, a linear layer, and a
nonlinear activation function, collectively contributing to its
functionality.

2514

To access to a large data set for training, they performed a
series of autoignition simulations at different temperatures
(800—2000 K) and pressures (10—600 kPa) by using
Cantera®® and the USC-II detailed mechanism.” They
observed that the simple ANN model can predict ignition
delays for 4 carbon atom fuels with high accuracy, by only
incorporating a very small amount of data points. Then, they
established the transfer learning framework by merging the
neural network models (both ANN and GCN) trained on
different fuel data sets and applying transfer learning to a new
fuel data set. It is shown that transfer learning with GCN is
able to predict ignition delays with better prediction accuracy
while it also demonstrates lower stability and training speed
than transfer learning with the ANN model.

Li et al.*” conducted an experimental investigation involving
solid fuel combustion within a laminar flow reactor, employing
high-speed laser diagnostics. Their primary objective revolved
around advancing image analysis methodologies for precise
identification of ignition events in individual solid particles
using optical measurement data. Remarkably, they achieved
the visualization of the homogeneous ignition of individual
bituminous coal particles through the concurrent application of
planar laser-induced fluorescence of OH radicals (OH-LIF)
and diffuse backlight-illumination (DBI) techniques, all at a
rapid sampling rate of 10 kHz.

They constructed an extensive experimental data set
comprising a total of 1518 single-particle events, complete
with high-quality ground truth labels for ignition delay times.
This data set was meticulously curated to facilitate the training
of a Convolutional Neural Network (CNN) model. To process
the images, they employed deep residual learning techniques,
specifically based on the Residual Network (ResNet)*!
architecture, progressively increasing the network depth with
variants featuring 18, 34, 50, and 101 layers. The primary
objective was to classify the OH-LIF images into two distinct
categories: ignition and no ignition.

To complement the ResNet models, the original grayscale
images underwent a transformation, being cropped and resized
into pseudocolor images with uniform dimensions of 224 X
224 pixels, which served as input data. The initial convolu-
tional (conv) layer, irrespective of the network’s depth,
featured 64 filters measuring 7 X 7, with a stride of 2, and
was succeeded by a 3 X 3 max-pooling operation. Following
this, four sets of stacked convolutional layers (conv2/3/4/5)
were progressively integrated, with an expanding filter
dimension represented by N. Each group of layers comprised
multiple residual blocks interconnected by shortcut con-
nections. For the purpose of object detection, they harnessed

https://doi.org/10.1021/acs.iecr.3c04097
Ind. Eng. Chem. Res. 2024, 63, 2509—2518


https://pubs.acs.org/doi/10.1021/acs.iecr.3c04097?fig=fig8&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.iecr.3c04097?fig=fig8&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.iecr.3c04097?fig=fig8&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.iecr.3c04097?fig=fig8&ref=pdf
pubs.acs.org/IECR?ref=pdf
https://doi.org/10.1021/acs.iecr.3c04097?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as

REVIE

pubs.acs.org/IECR

Industrial & Engineering Chemistry Research

‘Ajpyenooe £1aa Aefop wonrudr ayy sprpard ppowr NNV YT,

.kﬁwumuﬁuum wuﬁmauo,wuunm wﬁﬁmﬁw pue muwwwadum& UOISSTUL 9y} muuﬂuwu& [Ppowr NNV °YL

's3[24> Sunpowjuou [2AISN[OXS Jo IdqUINU [[ews & uo Jururer) 1Y 968 Sem AOBINDIE [Ppowr Y[,
%% 16 sem Aoemdoe uonoipard NIND YT,
*fouamdige euoneindwod

Ul JUSWIAOURYUS [ejue)sqns & SUNensuowap ‘s 7'¢ 03 paonpar A[payrewr st sased 9/ 10y dwm [euonenduwod
o) ‘NNV-dd 2ys jo uoneidayur uodn s g st ases uonenuns (J- s[3urs e 10y awm [euonendwod ayJ,

‘puan sty 1paxd 03 3[qe
st NNV ‘sarnjeradura) mop 194 je 3deoxe uonmuSiojne a1y sajers[aode soner urpusyq uadoIpAy jo aseamdur Iy,

‘SonsLRIdRIRYD wuﬁmE.HO.tom pue uorssiuL Iy} uuﬁﬁmhm 0} JuanyJd JSETN ST [9powr NNV 941,

"UO1}2939p Yoowy| Ul dduewIoftad djemdde £19A € sMOYs [dpow NND Y.L,
‘sonsta)oeIeyd ay) jo uondrpaid ur Aiqedes pood e smoys NNV
‘Buruaams [any yomb e 105 y3nous st [9A3] Loendde SIYT, "950S—0T ST [Ppow 3y jo Ademdde 3y,

‘stsA[eue JIAT)ISUSS 10J PIsn 3q UED SYIOMIIU [eININ

‘A[ayeanooe £1aA 1aquinu aue3dd Yy spipaid jprenbrepy—S1aquasdT uo paseq pPpowr NNV YT,

oM L1094 sonstrapdereyd durdus 3o1pard ued> [ppow paseq-NNV Y.L

‘S[PPOW JAD,] [EUOHUIAUOD 3y} Uey) Id)sej axowr Aefap uonrudr 1o1pard 03 3[qe st [pPpowr NNV-ADT Y.L

* 2InJed) uonera[ade, ue Junpel 3as eyep Sururen) 3y 03 anp sfepPp uonmudI 3y} pajewWsAIAPUN [PPOW NNV Y.L

-dueurrojrad suidus sy yorpard A[uojoeysies 03 s[qe sem Ppowr NNV Y.L
‘eyep [eyudwradxs ayy Sundrpard ur [nyesn A19A punoy aIoM SYIOMIIU [BINAU YT,

“Kefop uonrudr pamsesw Aqeyuswadxs Junnpordar jo sjqedes st ppowr NNV Y.L,

‘[Ppowr & SuneaId ur [eJiA dIe SI0}DE) PIAIPNIS [[E JBY) PUNOj Sem J|

“Toquimu dueypo Yy Jundrpard ur ajemdde L1aa sem NNV

's1ojowered uonsnquiod pue ‘vorsstws ‘@duewriojrad ayy 301paxd 03 Ppow 3y JO ASUSDYYS AYY MOYS SINSAT YT,

‘soutdus pafony
[OuEY}S pue [ouEINq I0J JOIIS 94t UEY) SSI] YIM srrdw ddueurrofrad swrus [HHH 191paid ued [Ppowr NNV Y.L

*S[ony [9s31poIq Jo Aeop wonmudr pue IPqUINU JUL)ID Y} SUNSEIIIO) UT AN 3)LNSUOWIP SYIOMIIU Y],
"PIB[2II0D (oM AI9A sem [dpow NNV YL,

*(%9 ueyy sSI[) djeINdOE pue jsey st [ppowr NNV pasodoid sy,
‘A[pyeIndoe Jaquinu duelad 3o1paid 03 sqe sem NNV padofpasp ayJ,

(s)Surpurg

uonpdIpaId Ae[2(q uonrudy ur SNND pue

€70¢ NNV
€70¢ NNV
70T NND
70T NND
770t NNV
70T NNV
70T NNV
170T NND
170T NNV
00T NND
070t NNV
070t NNV
070t NNV
00T NNV
070t NNV
610C NNV
610C NND
610C NNV
810C NNV
810C NNV
L10T NNV
S10C NNV
¥10T NNV
€10¢ NNV
S00¢ NNV
£€00T NNV
1eak pasn
ysqng  SIOMIPN
[emaN

Aepap uonrudr [2531POIq JO UOHIIPAI]

surdus [asarp ropurifd-adurs e jo wondrpaid sdurULIONDJ
surdus UONSNqUIOD [EUIdJUT UL UT UOTIIIIP YOOy

siseq 904>
-£q-a724o © wo surdus uonrudr-yreds e ur uonsrpaid ypowy

seoxms e jo Aefop uonmudr oy 1paxd o,

uaBoIpAy/1-y 19[ Jo uondrpaid Aeppp wonrudy

sed remjeu Surumng surdus
uonrudi yreds Aynp-£aeay e jo soueurroyrad oy jo1paid o,

surdus uonruSr-yreds e ur uorndalAp Yoowy

Ayenb uonruSr jo uondIpaIg

() 1030031 MOy
Snyd amssaxd-ySry ur Aepp uonrudr a3eys 3511y Jo uondIPaI]

IOQUIBYD UOHSNUIOD SWN[OA JUBISUOD
e Ul 08 pue due}d0-ost jo uondrpaid Aepp uonrudy

SPUS[q [9SAIp-HIV JO Ioqunu due3ad JO UondIpalg

aurdua
[9s31p € Jo sanyedy aouewoyrad pue uorsstwd 3y 1paid 0,

sueyday-u jo uonsnqurod Lexds jo uonenuurs

Appa a3xe[ e jo uondrpaid yySua-jo-y pue Leppp uonTuly
surnypewr uotssarduwos

pider e ur uaBoapy/sueing-u uonorpard Aepp uonrudy

1930 [Ay3a1p pue pus[q [onjorq Ied[e
Sursn surSus uonrudr-uorssardwos jo wonorpard ssurwLIOND I

mopssod e ur 32( waSoapLy e jo uondrpard uonrudy
uonprpaxd Leppp uonrudy
[°13 [9satpolq

Suruunq surdus wonrudr uorssardwos e jo sisdeue Ayanisuag

Adoosoxppads sdouruosax
Teapnu dnauSew Jursn IqUINU 3ULIP0 JO UOHIIPAIJ

surdus [asa1p
© JO SONSLIA)IBILYD UOISSIWD pue ddueuriojrad Jo uondrpaig

suidus
IDDH ue ur spny pajeuadixo jo uonorpard Aefp uonrudy

surdus [9satp Aoxs-noj e
ur [asarpoiq jo uondrpaxd Aeppp uonrudr pue pquInu dueld)

surdua [asatp e ur Lefap uonrudr pue sdueuriorad surdud
a1y uo Jurum pue anssaxd wonda(ur Jo 193y59 Yy Aprys o,

suidus DM UE UI UOSNQUIOd JO JIE)S JO UOIIPAIJ

[°NJ [9S9Ip B JO I9quunu due}ad JO UOndIpal]

je8re],

28 9 quIN
ac.ﬁm

J° Hhm@vﬂmﬂz

90.1\\, hE] .uwﬁmo

o TER ewile],

g T8 32 D
L Te 3 Guenyy

s TR Guenyy

oc T 32 SE[EJOY]
W

powe] pqy

o TE 32 semg

e
S
19 AJI3SsaN

o T 32 eZap
L BWIEYS
TR Sueyy,

MCECRLS]
oe28dm L,
pue ysof
b TE R aodog
TR
gy I°
19 reqejuerpe(
4 18 3
[pawe[ mpqy
T
o
12 [PATYPIES

6t

hN.ﬂm J9 1_eZY

o 8
St
19 ojorrog
-zZaypues
@N.ﬁm
3o ueuUEY]

U0
pue 107D
vN.Tw Jo nseqg

A wvuoﬁ:/w

9¢

ST
T

€C

(44

1c

0t
61

81

L1

91
ST

4!

€1

(4!

1T
0T

SNNYV Jo uonesriddy a3 uo sarpnig paysiqnd [V ‘T d[qeL

https://doi.org/10.1021/acs.iecr.3c04097
Ind. Eng. Chem. Res. 2024, 63, 2509—2518

2515


pubs.acs.org/IECR?ref=pdf
https://doi.org/10.1021/acs.iecr.3c04097?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as

Industrial & Engineering Chemistry Research

REVIE

pubs.acs.org/IECR

Table 2. continued

Neural

Network

Publish

Finding(s)

year

used

ANN

Target

Author(s)

2023

Van Tuan et

27

ANN shows a good capability in prediction of the ignition delay.

Ignition delay prediction of diesel and biodiesel

NS
Yang et al.”’

The proposed transfer learning method can predict ignition delays for different fuels with large molecules with
prior knowledge from small molecule fuels.

2023

CNN

ANN

using a transfer learning approach based on ANN and

GCN
To predict the ignition delay of solid fuel in a laminar flow CNN

Ignition delay prediction of long-chain hydrocarbon fuels

28

The hierarchical feature extraction of the convolutions networks clearly facilitates data evaluation for high-speed
optical measurements and could be transferred to other solid fuel experiments with similar boundary conditions.

2023

reactor by using high-speed laser diagnostics

Li et al.*®

29

The CNN method yields a very acceptable accuracy in predicting the ON number of single component fuels and
fuel mixtures.

2023

CNN

Octane number prediction

Wang et al.**

The ANN model predicts all experimental data very accurately with a considerably higher accuracy compared to
the multiple linear regression approach.

2023

ANN

Ignition delay prediction of natural gas blends in HCCI
engine

31

Nagaraja and
Sarathy

31
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scale-invariant feature pyramid networks (FPNs)** in con-
junction with Faster R-CNN™ to identify objects across
various scales.

Their investigation revealed that the accuracy of traditional
image processing techniques relying on intensity thresholds is
highly sensitive to parameter choices. The adoption of deeper
networks and pretraining techniques offered marginal enhance-
ments in the training process and subsequently improved
ignition prediction. Their overall findings indicated that the
hierarchical feature extraction capabilities of convolutional
networks significantly aid in data analysis for high-speed optical
measurements. Moreover, these insights suggest that such
methods can be effectively transferred to other experiments
involving solid fuel combustion under similar boundary
conditions.

Wang et al.** developed a multilayer convolutional neural
network for predicting octane number using time-resolved
information from species profiles in a constant volume
autoignition process. The CNN architecture, shown in Figure
8, consists of convolutional blocks with a 1D convolutional
layer, batch normalization, activation function, and pooling
layer. Each convolutional layer has a kernel size of 3 and
generates eight feature maps. The ReLU function is used as the
activation function to introduce nonlinearity.

As the convolution layer deepens, the feature map
transitions from local to semantic features, causing a gradual
reduction in size. Hence, each convolutional block concludes
with a pooling layer of size 3, reducing the feature map by two-
thirds. Positioned between the convolutional and activation
layers, batch normalization is pivotal in enhancing the training
speed and performance of convolutional neural networks.
Throughout the training, the convolutional layer parameters
are updated, leading to a shift in the input data distribution of
the subsequent network.

The researchers validated their approach by employing data
sets encompassing fuel blends and diverse single components,
including alkanes, esters, and alcohols, among others. The
findings illustrate the method’s capacity to achieve elevated
accuracy in predicting the Octane Number (ON), not only for
individual fuel constituents but also for blended fuels,
representing a mean absolute error of less than 2. The neural
network optimally employs parameter sharing, effectively
utilizing a limited set of parameters while extracting note-
worthy high-level semantic features. Furthermore, the method
exhibits the capability to make predictions for a wide range of
fuels, even those lacking information about physical parameters
and molecular structure in fuel blends.

Table 2 shows all published studies on the application of
ANNs and CNNs in ignition delay prediction in different
combustion processes. The goal of study and the main finding
of each study was presented.

4. CONCLUSION

In conclusion, this comprehensive review has highlighted the
significant potential of machine learning techniques, partic-
ularly artificial neural networks (ANNs) and convolutional
neural networks (CNNs), in advancing the prediction of the
ignition delay for various combustion processes. Through the
examination of multiple studies, it has been demonstrated that
these computational models can offer precise and rapid
predictions, thus providing a valuable tool for optimizing
engine design and fuel formulations. Potential applications of
this technique could be for optimizing engine design for

https://doi.org/10.1021/acs.iecr.3c04097
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various fuel formulations, model-based control of an engine,
multifuel engine calibration, emission calibration development,
and fuel economy prediction.

The distinct advantages of ANNs and CNNs have been
showcased, with CNNs showing particular strength in handling
grid-like data, such as images (of the combustion chamber’s
inside, for example), and ANNs exhibiting versatility across a
broader range of applications. Moreover, the application of
machine learning extends beyond mere prediction, offering
insights into the complex dynamics of combustion phenomena
and contributing to more efficient, safe, and environmentally
friendly energy use. The convergence of combustion science
and machine learning opens new pathways for innovation in
energy technology with the potential to meet the growing
energy demands while addressing environmental concerns.
Future research may further refine these models, expand their
applicability, and integrate more diverse data sources to
continue improving the accuracy and efficiency of combustion
systems. As suggestions for future work, the community may
investigate the applicability of using machine learning for
prediction of the ignition delay in the NTC (negative
temperature coefficient) region, the ignition delay as a function
of the number of carbon atoms for different hydrocarbons, and
providing support for optical diagnostic methods.
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