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Abstract

Based on the decoupled n-dodecane skeletal mechanism and the computational fluid
dynamics (CFD) numerical framework, a multilayer feedforward neural network
surrogate model was developed to predict ignition delay in a constant-volume
combustion vessel. The Levenberg-Marquardt optimizer with adaptive damping
coefficients was used for model training, with mean squared error as the loss function and
an inherent early stopping mechanism to prevent overfitting without additional weight
decay regularization. To eliminate random interference from initial parameter settings,
the surrogate model underwent 1000 repeated training trials, each with random weight
re-initialization. The effects of hidden neurons, data partition strategy, normalization
scheme, and sample size on predictive performance were systematically examined. The
optimal configuration—three hidden neurons, a 70:15:15 data split, and a 105-sample
training set—showed low sensitivity to data normalization. The resulting surrogate model
is concise and sample-efficient, maintaining satisfactory prediction accuracy at 800 K and
1100 K while substantially reducing computational overhead. It provides a practical and
reliable tool for subsequent combustion prediction and uncertainty quantification of
hydrocarbon fuels. The feedforward neural network surrogate model substantially cuts
the computational overhead for fuel combustion prediction to merely 15-20 min for every
batch of 60 samples.

Keywords: feedforward neural networks; CFD models; ignition delay; artificial neural
network; constant volume bomb; fire safety

1. Introduction

Advances in computer performance have made numerical tools increasingly
advantageous for studying combustion processes in internal combustion engines.
Numerical simulation is increasingly applied in internal combustion engine design due
to its flexibility and ease of use, which greatly streamlines the design process and reduce
costs. However, as computational models are continuously refined, it becomes necessary
to incorporate a growing number of parameter variables into the models [1,2]. The
interactions among these parameters have also become more complex, leading to longer
simulation times and greater uncertainty in the results, which adversely affects the
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convergence efficiency of the calculations. For this reason, a variety of uncertainty analysis
techniques are employed by researchers to analyze and constrain the uncertainties
associated with numerical simulations. Based on existing uncertainty analysis studies [3,4],
the primary sources of uncertainty can be categorized into three types: aleatory
uncertainty, epistemic uncertainty, and model structural uncertainty.

During mechanism simplification and optimization, complex reaction pathways
require careful evaluation of reaction priorities and their impact on combustion, based on
species parameters across the full reactant-to-product chain [5-9]. The quality and speed
of these assessments directly shape the predictive performance and computational
efficiency of the final mechanism.

Based on the idea of reaction pathway analysis approach, Bhoorasingh et al. [10] used
a deep learning model program to achieve classification analysis similar to the reaction
path lumping method, constructed a molecular database for combustion processes, and
assisted in the calculation of intermediates and transition states for the combustion model
constructed by Sarathy’s group [11].

Using deep learning models to accelerate predictions of chemical reaction kinetics is
another promising line of inquiry. The Blasco research group has successively used
different deep learning models to efficiently assist in the accelerated prediction of
combustion characteristics of fuels with various chemical reaction mechanisms [12,13].
With the in-depth research on applying neural network models to accelerate and enhance
the efficiency of numerical simulations of chemical reaction kinetic mechanisms,
numerous researchers have adopted various methods to train neural network models and
applied them to the testing and simulation of reaction mechanisms, gradually improving
the final predictive computational accuracy and efficiency [14,15].

Although various deep learning models have achieved rapid development in
predicting combustion characteristics such as fuel ignition and flame propagation [16-18],
and can accurately predict the combustion characteristics of fuels including hydrogen and
biodiesel [19-21], some researchers have constructed deep learning models whose
predictive performance is even comparable to detailed mechanisms [22]. However,
similar to detailed chemical kinetics mechanisms, the complete representation of reaction
pathways and parameter evolution in fuel combustion remains an active research topic.
In particular, further investigation is needed on the uncertainty propagation from source
models to deep learning surrogates, and on the robustness of predictions beyond the
training domain.

From previous research, it can be seen that leveraging continuously developing
artificial intelligence (AI) technologies [23-28] to assist in improving chemical reaction
kinetics mechanisms, and even CFD computational models, is a current trend in studying
fuel combustion characteristics. Especially in the aspect of reaction pathway selection and
optimization, it shares highly similar algorithmic attributes with mainstream deep
learning technologies such as neural networks [29,30]. These factors have driven
mechanism research toward algorithmic optimization. However, completely replacing
chemical reaction kinetics mechanisms with deep learning algorithms still presents
considerable challenges [26-28,31]. Key areas requiring continuous research and analysis
include the impact of data normalization on model performance [32], multi-objective
optimization [33], overfitting [34], loss functions [35,36], constrained multi-objective
enhancement, the balance between data volume and computational cost [22,36,37], the
“black box” problem [38], and the weak generalization ability of deep learning models
[39,40].

Based on the above research direction, this approach intends to use an efficient
chemical reaction kinetics mechanism as the source model to train a suitable deep learning
model [41]. This approach has several advantages. On one hand, it can greatly increase
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the prediction speed of the trained model, and by using an appropriate number of samples
and suitable training methods, the surrogate model can maintain a balance between
accuracy and efficiency, providing a streamlined and efficient calculation pathway for
subsequent research. On the other hand, while maintaining reasonable prediction
accuracy, by comparing the prediction differences between the two types of models, or
studying the influence of various factors in their optimization processes on prediction
results, it is possible to better feedback the generation and evolution mechanisms of their
respective uncertainties [42], making subsequent comparative analysis feasible. Although
this strategy is not common in combustion characteristics research systems, it is
mentioned in numerous deep learning research papers [43,44] and can serve as one
method for investigating the transmission mechanisms of combustion characteristic
uncertainties among different models.

2. Source Model

This chapter utilizes feedforward neural networks (FNN) to simulate ignition delay
data in isochoric combustion predicted by the n-dodecane mechanism in a constant
volume bomb (CVB), and analyzes the variance of the input parameters and the variance
of the ignition delay obtained from the artificial neural network.

2.1. Numerical Model

The sample data used for training the neural network in the neural network
originated from ignition delay data predicted by numerical simulation of a CVB. All
sample data were obtained through coupled calculations using KIVA-3V(R2) [45] and
Chemkin Pro (15083) [46]. The CVB data used for calculation in this investigation was the
n-dodecane data from Sandia National Laboratories [47]. Fuel combustion simulations in
the present work were performed jointly with KIVA-3V and Chemkin Pro. Pure n-
dodecane is utilized as the diesel surrogate fuel for CFD modeling. Its critical
thermodynamic properties at ambient conditions (25 °C, 1 atm) are specified as follows:
density of 749 kg/m? constant-pressure specific heat of 2.21 kJ/(kgK), thermal
conductivity of 0.14 W/(m'K), and net heating value of 44.2 MJ/kg. These parameters are
consistent with the default material database embedded in the KIVA-3V. The
thermodynamic parameters calculated by KIVA-3V provided the inputs for chemical
kinetic calculations performed using Chemkin Pro. Based on the selected chemical kinetic
mechanism, the heat release and fuel composition were updated accordingly, and the new
data were then fed back to KIVA-3V for the next simulation step. The governing equations
of KIVA-3V include the continuity Equation (1), momentum Equation (3), and internal
energy Equation (5), which are presented below.

L2+ V() =V [pDV (22)] + 5, + 6 (1)
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where p,, isthe mass density of componentm; p is the total mass density; u is the fluid
velocity; D denotes the diffusion coefficient; py; is the chemically induced source term;
p°® is the injection-induced source term; & represents the Dirac delta function; p5, is
calculated according to Equation (2); w, is the chemical reaction rate, which can be
determined by the Arrhenius formula; p denotes the pressure; a is a dimensionless
quantity calculated via the pressure gradient scaling (PGS) method; the value of 4, is 0
for laminar flow and 1 for turbulent flow; o denotes the viscous stress tensor, which is
computed by the generalized Newtonian Formula (4); F° is the volumetric momentum
change rate induced by injection; g is the specific body force; u and 4 represent the
first and second viscosity coefficients, respectively, where the superscript T denotes the
transpose and I denotes the unit matrix; I is the specific internal energy excluding
chemical energy; J represents the total contribution of heat conduction and enthalpy
diffusion, which is calculated by Equation (6); Q¢ is the source term induced by chemical
heat release and is computed by the Chemkin Pro program; Q° is the source term
generated by spray processes; T is the fluid temperature; and h,, is the specific enthalpy
of component m.

This investigation adopts the generalized Renormalization Group (g-RNG)
turbulence model, improved by Wang et al. [48] based on RNG, as the turbulence model
required for the numerical simulation in this paper. The turbulence model mainly consists
of the turbulent kinetic energy transport Equation (7) and the turbulent dissipation rate
transport Equation (8).

208 _ _ 0 5k — 2 [(rx 9k — 5+ U
ot axj(pkuf) axi[(6k+#)axj+P" pe+ W @)

005 _ _%(,;ga].) (4 y):—; + 2 (CorPi — ConPE+ CW,) —R+M =G (8)
where P, is the turbulent kinetic energy production source term; ur is the turbulent
viscosity coefficient; uy is the turbulent velocity; k is the turbulent kinetic energy; ¢ is
the turbulent dissipation rate; W; denotes the spray source term; C,;, C.,, and C, are
model constants; R represents the anisotropy term; M denotes the term related to
compression and two-phase flow; and G is the local flow dimensional term.

The spray process in a CVB is a continuous process, making direct CFD calculation
difficult; it is usually discretized. The entire fuel spray is simplified into a discrete model
composed of individual oil droplets. Using a two-phase flow approach, interactions
between droplets and the environment, between droplets themselves, and between
droplets and the cylinder wall are analyzed and modeled individually. This mainly
includes atomization models, collision models, wall impingement models, and
evaporation models. The KH-RT breakup model used in this investigation describes the
droplet change processes caused by KH [49] breakup and RT breakup [50], respectively,
achieving a mathematical expression for fuel atomization.

dr _  r-7¢

at  txm )
7. = Bywyy (11)
=t (12)
Ty = (13)
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(14)

Trr =

where r and r’ are the initial droplet radii before KH and RT breakup, respectively; 7,
and 7/ are the new droplet radius after KH and RT breakup, which are calculated by
Equations (11) and (12); txy and 7gr denote the breakup times of KH and RT breakup,
obtained from Equations (13) and (14); pgy and pgr represent the maximum surface
wave growth rates for KH and RT breakup; wgy and wgr are the wavelengths
corresponding to the maximum surface wave growth rates of KH and RT breakup; B, is
amodel constant with a typical value of 0.6; B; is the breakup time constant ranging from
10 to 60; C, and Cyy are tunable model parameters with default values of 1.0 and 0.1,
respectively.

The Nordin collision model was employed in this work. Ref. [51] to simulate the
collision process. This model judges whether a collision occurs by calculating droplet
trajectories and solving whether two droplets can simultaneously reach the same position
within the cylinder. It belongs to a model with high computational efficiency and low grid

dependency.
uyp = (ug — uz)ﬁ (15)
U AL > X — x4 — (1 — 1) (16)
_ [t 0% (=Cal@oBol

p= [max(r1+r2,dmin)] exp( At ) (17)
dmin = 1k2(Bo) — k1(ao)| (18)

k1 = X1 + auq
k; = x; + Bu, (19)

Olkz—k4| (a ,8 ) — 0
da,B 0, FP0

where u denotes the droplet velocity vector, x denotes the droplet position vector, and
r denotes the droplet radius. Subscripts 1 and 2 represent two individual droplets,
respectively. P is the probability density function, d,,; is the minimum distance
between droplets, and k is the droplet trajectory vector function. e, and S, correspond
to the solutions for the collision times of the two droplets [51].

The process by which droplets transform into gas within the CVB due to changes in
temperature and pressure is called evaporation. The complex evaporation process is
modeled using the KIVA-3V built-in evaporation model, which was developed based on
single-droplet evaporation experiments.

riv, = 4nR? (Dg Z—‘g ~ pgu) (20)
myc, Tl =Q, (21)

Q= Qg — MHgent (22)
Qg = 2R AGNu(T; — T,) (23)

where D, is the gas-phase diffusion coefficient, p, is the gas-phase density, R, is the
droplet radius, m; is the droplet mass, c, is the specific heat capacity, @, is the heat
absorbed by the droplet from the gas phase, @, is the heat transferred from the gas phase
to the droplet, 4, is the gas-phase thermal conductivity, T, is the gas-phase temperature,
and Nu denotes the Nusselt number.
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The heat transfer model used in this study is the modified heat transfer model by
Han and Reitz [52]. This model is based on ideal gas convective heat transfer theory and
considers gas compression and turbulence effects, achieving numerical simulation of heat
transfer by solving the wall heat flux Formula (24). For the other physical processes in the
CFD simulations, the default models provided by KIVA-3V were employed without

modification.
_ pepw'TIn(T/Ty)—(2.1y*+33.4)Gv/u’
2.1 ln(%)n.s

Qw (24)

ut = \[kC,Qf’ (25)

where q,, is the wall heat flux, T is the temperature; the subscript w denotes wall-
related parameters; v is the velocity; p is the density; c, is the specific heat at constant
pressure; u* represents the friction velocity, which is calculated by Equation (25); y
denotes the distance to the wall; and k is the turbulent kinetic energy.

2.2. Computational Grid

When using KIVA-3V(R2) for numerical simulation, the division of the
computational grid is a core step, as it determines the accuracy and efficiency of the
prediction results. In this work, a progressive axisymmetric mesh created with ICEM-CFD
(Figure 1) is imported into KIVA-3V(R2) for predicting ignition delay in the CVB. With
cylinder dimensions of 100 x 100 mm, the total grid size is 100 x 50 mm. The grid gradually
becomes sparser downward from the nozzle core, featuring a core grid size of 0.6 x 0.6
mm and a maximum grid size of 1.5 x 1.5 mm at the farthest end, totaling approximately
4400 cells. Comparative simulations are carried out using uniform meshes of multiple
sizes and the progressive axisymmetric mesh developed herein. Validation results
indicate that the progressive mesh achieves stable prediction accuracy while significantly
improving computational efficiency. The progressive axisymmetric mesh used in this
work maintains good computational accuracy while keeping computational cost
relatively low.

Injector
10g

Figure 1. Grid used in the present study.
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2.3. N-Dodecane Mechanism

2.3.1. Mechanism Optimization

Ci2Hz + O2 <=> Ci2Hzs + HO2 (R1)

Ci2H26 + OH <=> C12Has + H20 (R2)

Ci2H26 + H <=> Ci2Hos + He (R3)

Ci2Hz6 + HO2 <=> C12Hos + H202 (R4)

Ci2Hzs <=>2CsHe + C2Hs + 2C2Ha (R5)

Ci2Hazs + O2 <=> C12H2500 (Re6)

C12H2500 <=> C12H2200H R7)

C12H2400H + O2 <=> O0OC12H2400H (R8)

OOC12H200H <=> Ci2KET + OH (R9)

CuKET <=> CsHu1CO + OH + CH20 + C2Ha+ CsHs (R10)

CsH1uCO + O2 <=> CGHr + C2Hs + CO + HO» (R11)

Based on the n-dodecane skeletal mechanism by Chang et al. [53], this study
optimized the Cs—C1 reaction pathways of the large-molecule skeletal mechanism, with
its reaction pathway as shown in Figure 2. In this skeletal mechanism, the reverse reaction
rate constants are no longer artificially specified; instead, they are automatically calculated
by Chemkin Pro based on the forward reaction rate constants and the thermodynamic
data of the reactants themselves [54]. In the large-molecule skeletal mechanism, Ci2Hos
first generates CizH»s through dehydrogenation reactions (R1)-(R4). CizHazs forms Co/Cs
small molecules via two reaction pathways. One is direct high-temperature cracking to
C2/Cs small molecules, and this reaction pathway consolidated into a single reaction (R5).
The other pathway is the oxidation of CiHzxsto form CiHx00 (R6); subsequently,
C12H2s00 isomerizes to C12H40OO0H (R7); C12H24OO0H again reacts with oxygen to form
OOC12H200H (R8); OOC12H2400H immediately eliminates OH to form CnKET (R9);
CuKET undergoes pyrolysis to form CsHuCO (R10); CsHuCO oxidatively decomposes to
C2/Cs small molecules (R11). This mechanism replaces the entire Cs—C12 macromolecular
reaction pathway with 11 global reactions. All large molecule cracking reactions have
undergone collective treatment, thereby eliminating multiple reactions of isomers. This n-
dodecane skeletal mechanism contains a total of 40 species and 147 reactions. Apart from
the aforementioned specific reaction improvements, the main reaction rate constants and
thermodynamic data are selected from those listed in the LLNL detailed mechanism [55].

https://doi.org/10.3390/fire9080341
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Figure 2. Reaction path diagram.

2.3.2. Mechanism Validation

The optimized n-dodecane skeletal mechanism was validated for ignition delay
predictions in shock tubes and CVBs, and its performance was compared with that of the
mechanism developed by Chang et al. [56]. The modified KIVA-3V code was used for the
CVB simulations in this work [45], while shock tube ignition delay predictions were
achieved using Chemkin Pro [46] software. Based on the pressure trajectory intersection
point method by Lapuerta et al. [53], Fraser et al. [57], and Burke et al. [58], the ignition
delay in the CVB was defined as the time from the start of fuel injection until the pressure
rise rate reaches 0.01 MPa/ms. The initial chamber pressure varies within the range of
4.93-7.94 MPa with the change of initial gas temperature (750-1200 K) and oxygen
concentration (13-21%). A constant temperature boundary of 600 K is prescribed for the
cylinder liner, cylinder head, and piston crown surfaces during simulation.

Figure 3 shows the prediction results of this mechanism for n-dodecane ignition
delay in a shock tube under conditions of 20 atm pressure and equivalence ratios of 0.5
and 1.0. It also compared the experimental data from Vasu et al. [59] under the same
conditions and the prediction results from the mechanism proposed by Chang et al. [56].
From the figure, it can be seen that this mechanism predicts the overall trend of the
experimental data relatively accurately. However, it overestimates high-temperature
ignition delays at an equivalence ratio of 1. Compared to the results of Chang et al. [56],
under an equivalence ratio of 1, this mechanism predicts lower values in the negative
temperature coefficient (NTC) region and low-temperature region, closer to the
experimental data. At an equivalence ratio of 0.5, the predictions from this mechanism are
slightly lower than those of Chang et al. in the NTC region. [56]. The predictions of the
two mechanisms for ignition delay in the high-temperature region under both
equivalence ratio conditions are basically consistent.

https://doi.org/10.3390/fire9080341
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Figure 3. Ignition delay time of n-dodecane/air mixture in a shock tube at 20 atm (symbols are
experimental data from Vasu et al. [59]; solid lines are the computational data of the present

mechanism; dashed lines are the computational data of the Chang et al. mechanism [56]).

In this work, we evaluated the predictive accuracy of the n-dodecane skeletal
mechanism for ignition delay in the CVB [47] and compared it with the prediction results
of the Chang et al. [56] mechanism. Figure 4 shows the prediction results of the n-
dodecane skeletal mechanism constructed in this study for the ignition delay of n-
dodecane experiments in a CVB, with experimental conditions listed in Table 1. This
mechanism yields higher predictions under varying oxygen conditions, while its accuracy
tends to deteriorate at lower temperatures. The prediction deviations of the original
mechanism may stem from the comprehensive adjustments of thermodynamic
parameters and reaction pathways. Combined with the path screening rule of the skeletal
mechanism, the main uncertainty sources concerned in this work are epistemic
uncertainty and model structural uncertainty.

Table 1. Operating conditions of the spray in a constant volume bomb [47].

Reaction Condition Parameter

Fuel n-dodecane

Ambient Gas Temperature 800-1200 K

Ambient Gas Pressure 5.25-7.94 MPa
Ambient Gas Density 22.8 kg/m?
Ambient Gas Oxygen Concentration (Volume Fraction) 13-21%

Nozzle Diameter 0.090 mm
Fuel Injection Pressure 150 MPa

https://doi.org/10.3390/fire9080341
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Figure 4. Comparisons of the predicted ignition delays with the measurements in a CVB : (a)
Variation of oxygen; (b) Variation of temperature (points are the experimental data from Sandia [47];
solid line is predictions of the present model; dashed lines are the computational data of Chang et

al. mechanism [56]).

Although the original chemical mechanism has been extensively validated,
modifications are still required when applied to CVB simulations. The optimized
mechanism can basically accurately predict the trend of ignition delay change in the CVB,
and shows significant improvement compared to the prediction results of the n-dodecane
mechanism by Chang et al. [56]. Meanwhile, this n-dodecane mechanism can avoid the
prediction deviation observed in the Chang et al. [56] n-dodecane mechanism under the
850 K condition.

Figure 5 shows the simulated results of in-cylinder temperature evolution trends
under different initial temperatures based on the CFD model. Comparison of temperature
contour plots at initial temperatures of 1100 K (0.23 ms) and 1000 K (0.25 ms) match
reasonably well with the ignition characteristic predictions of the optimized chemical
mechanism. According to the analysis of n-dodecane mechanism predictions for CVB
ignition delay data by Wang et al. [60] and Bhattacharjee and Haworth [61], the prediction
results of this n-dodecane mechanism are basically accurate and can meet the needs of
neural network training.

temp

1200
1150

1100
1050
1000
950

900
850
800
750
700
650
600

1000 K 550
500
0.25 ms 450

Figure 5. Temperature variation trend based on CFD simulation results.
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3. Neural Network Surrogate Model

Neural networks imitate the neural conduction between brain cells and their function
of adapting to external information, using mathematical methods to handle nonlinear and
uncertain problems. For the predicted ignition delay data in the CVB, a direct CFD
calculation requires at least 20 h per case. This is excessively time-consuming for global
sensitivity analysis, which requires a large number of samples. Therefore, this study
employs a multilayer feedforward neural network [62] as a surrogate for the CFD model
to predict n-dodecane ignition delay in a CVB, compressing the prediction time to
approximately 60 samples/20 min. All calculations involved in this work are performed
using MATLAB (R2022a). A multilayer feedforward neural network does not require
prior knowledge of the functional relationship between independent and dependent
variables. Instead, it determines the functional relationship between variables through
appropriate training based on sample data. Therefore, as long as a multilayer feedforward
neural network has a sufficient number of hidden neurons and undergoes effective
training, it can be used to approximate the target function and maintain high prediction
accuracy [63]. Simultaneously, during the training process, the multilayer feedforward
neural network can accommodate the uncertainties inherent in the source model, making
it very suitable for studying the uncertainty relationships between the independent and
dependent variables of a function [64].

Vi = f(2?=1 Xia;j + bj) (26)
tanh(n) = —— -1 27)
lin(n) =n (28)

where x; is the input from the previous node i to the j-th node, a;; is the weight
coefficient between the i-th node and the j-th node, n is the total number of connected
nodes to the j-th node, b; is the bias of the j-th node, f is the activation function, and
y; is the output node following the j-th node.

Figure 6 shows the architecture of the multilayer feedforward neural network used
in this study. This feedforward neural network contains an input layer, one hidden layer,
and an output layer. The input layer corresponds to the key physical parameters selected
for the CVB simulation, and the output layer corresponds to the n-dodecane ignition delay
data in the CVB. Although Hornik et al. [45] believe that a neural network with a single
hidden layer can achieve good approximation as long as it has a sufficient number of
hidden neurons, there is no fixed rule for the specific number of hidden neurons required
to achieve the best effect. Too few hidden neurons affect the prediction accuracy and
stability of the neural network, making it susceptible to local biases, resulting in low
recognition rates for unknown samples and poor fault tolerance [65]. Too many hidden
neurons affect the computational efficiency of the neural network and may lead to
increased error. Currently, the optimal number of hidden neurons is primarily
determined through trial-and-error methods [66]. In this neural network, nodes between
layers are connected by adaptive weights, and the interaction rules conform to Formula
(26). That is, the parameter variables of the input nodes are multiplied by the weights of
the connected hidden neurons, added to the effective bias, and then transmitted to the
output nodes through the activation functions (27) or (28) [67]. Among them, activation
function (27) is used for nonlinear approximation, and (28) is used for linear
approximation.

https://doi.org/10.3390/fire9080341
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Input Hidden Output

Figure 6. The architecture of the multilayer feedforward neural network (Single hidden layer).

The relationships among the neural network parameters are illustrated in Figure 6,
where solid lines denote main variables and dashed lines represent auxiliary variables.
The mean and uncertainty given by the Sandia n-dodecane data [47] for each main
variable was used as the expectation and variance for sampling, and samples are taken
according to a normal distribution for neural network training. The input variables used
for training the neural network were sampled from a normal distribution. The output
variable is the ignition delay predicted under the conditions of 900 K and 15% O: using
the coupled n-dodecane skeletal model described in the previous section. The number of
hidden nodes was determined by trial and error. This study first randomly selected 105
samples and used the Levenberg-Marquardt (LM) algorithm to train the neural network.
The LM algorithm uses an adaptive damping coefficient u instead of a fixed constant
learning rate. The default initial value y =1, attenuation coefficient . = 0.8, and growth
coefficient pinc = 1.5. A maximum of 1000 training epochs was set for each independent
run, and the network weights were randomly reinitialized prior to every training trial.
Training terminates by performance threshold criterion: training stops when the
validation mean squared error (MSE) drops below 0.005 to avoid overfitting. MSE is
adopted as the loss function for network training. An automatic early stopping
mechanism is strictly applied to prevent overfitting, and no additional weight decay
regularization is used.

A trained neural network must be tested with validation samples to determine its
prediction accuracy. Commonly used validation criteria include general error analysis
metrics, such as the correlation coefficient R (Formula (29)) and the MSE (Formula (30)).
Values of R and R? closer to 1 indicate better training performance and a closer fit to the
sample data. An MSE closer to 0 implies smaller deviation between the predicted and
sample outputs.

_ _ Z§V=1(yi_5}i)2 29

k= \/ 1 N i-9)2 29)
N .

MSE = H0o30 (30)

where, N is the total number of samples, y; is the true output value of the i-th sample,
¥; is the predicted value of the i-th sample from the neural network, y is the global
average of all true sample outputs, R is the correlation coefficient, and MSE is the mean
squared error.
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3.1. Number of Hidden Neurons

The neural network first needs to determine the appropriate number of hidden nodes
through trial and error. This study compared different numbers of hidden nodes using
the same set of samples, as shown in Figure 7. A coefficient of determination (R?) threshold
of 0.98 is taken as the criterion to quantify the quality of neural network training outputs.
In the figure, the red squares represent training data; the green triangles represent
validation data; and the blue diamonds represent test data. Figure 7 shows the prediction
effects for 1-3 hidden neurons respectively, and the corresponding prediction correlation
coefficients and mean squared errors for each number of hidden neurons are listed in
Table 2. From Figure 7a, it can be seen that the predicted values for a single hidden node
are mostly concentrated within a deviation of £0.01 ms from the sample values. However,
the correlation coefficient and mean squared error for a single hidden neuron can still be
improved. Although the correlation coefficient and mean squared error for two hidden
neurons are slightly better than those for a single hidden neuron, the prediction effect of
two hidden neurons is worse than that of a single hidden neuron (see Figure 7b). This is
because the predicted values for two hidden neurons are overall unevenly distributed,
leading to better overall correlation coefficient and mean squared error, but local
deviations cause predicted values to exceed the deviation range of +0.01 ms from the
sample values. Figure 7c shows the prediction effect for three hidden neurons. Combined
with the correlation coefficient and mean squared error in Table 2, it can be seen that the
overall effect has improved, and the accuracy of the data results already fully meets the
experimental uncertainty requirements. For the dataset with 400 samples, the number of
hidden layers was tested up to 10, while tests on the 105-sample dataset were carried out
with a maximum of eight hidden neurons. Therefore, this study adopts three hidden
neurons. This does not mean that more hidden neurons cannot yield better predictions.
The current number of hidden neurons is chosen only to boost computational efficiency.
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Figure 7. Ignition delay samples versus predicted ignition delay by the multilayer feedforward

neural network: (a) one hidden node; (b) two hidden nodes; (c) three hidden nodes.

Table 2. R and MSE of different hidden neurons.

HN's Training Validation Testing Overall
MSE R MSE R MSE R MSE R
1 7.66x10# 09888 8.14 x 10+ 0.9901 5.32 x10* 0.9894 9.17 x10* 0.9869
2 125x10* 0.9931 8.67 x 10 0.9909 9.21 x 10 0.9930 1.02 x10* 0.9903
3 146 x10#  0.9947 5.75x 10" 0.9920 8.98 x 10 0.9941 1.24 x10* 0.9918

3.2. Data Allocation Ratio

During neural network training, overfitting may occur when the model becomes too
tailored to the training samples and fails to generalize. The neuron sitting problem is
directly related to the number of training samples [68] and is also called the overtraining
problem. In theory, the training, validation, and test sets differ in their data characteristics,
making it unlikely that all three will simultaneously reach optimal performance.
Therefore, it is necessary to reasonably allocate training, validation, and testing samples
to avoid the occurrence of overtraining.

Figure 8 shows the prediction results for different allocation ratios of samples, where
the sample allocation ratio is randomly divided according to the percentages of training:
validation: testing. Data points and boundary lines share the same notation as Figure 7.
Table 3 lists the correlation coefficients and mean squared errors for neural networks
trained under different allocation ratios. Although the correlation coefficient and MSE for
the 60:20:20 split in Table 3 are comparable to those for the 70:15:15 split, clear deviations
are evident in the validation and test results shown in Figure 8a. Although the neural
network trained with the 80:10:10 split shows a good correlation coefficient, its MSE
increases, as reflected in Figure 8c by larger scatter in the predictions and noticeable
fluctuations around the mean. This prediction deviation is caused by overfitting. Based
on the above comparison, the neural network trained with the 70:15:15 split offers the best
overall performance.

Table 3. R and MSE of different proportions.

Sample Training Validation Testing Overall
Allocation MSE R MSE R MSE R MSE R
Ratio
60:20:20 8.41 x 105 0.9958 7.74 x 105 0.9909  8.69 x 10 0.9931 7.01x105  0.9917
70:15:15 1.46 x 10 0.9947 5.75 x 105 0.9920 8.98 x 105 0.9941 1.24 x 10# 0.9918
80:10:10 1.71 x 10 0.9951 8.97 x 105 09971  3.36 x 10+ 0.9962 1.58 x 10+  0.9927
0.65 ; 0.65 [~ )
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Figure 8. Ignition delay samples versus predicted ignition delay by the multilayer feedforward
neural network: (a) 60:20:20; (b) 75:15:15; (c) 80:10:10.

3.3. Normalization

Due to the significant differences in magnitude among the input parameters, the
influence of certain parameters on the final result may be amplified or diminished during
propagation through the activation function, owing to accumulated numerical errors. This
may weaken the influence of input parameters on the output, and in some cases, even
slow down network convergence. Therefore, data normalization is typically performed
before training neural networks, mapping the data to the range [0, 1] to stabilize training
outcomes. This section adopts Formula (31) to normalize all data and compares the
prediction results before and after normalization. The neural network was trained with
three hidden neurons and a node distribution ratio of 70:15:15.

xlrc = (xk - xmin)/(xmax - xmin) (31)

In the formula, x.;, is the minimum value of a single parameter sample, x,,x is the
maximum value of that parameter sample, x,, is the value of sample k, and x;' is the
normalized value of sample k.

Figure 9 compares the prediction results using normalized and unprocessed data.
Data points and boundary lines share the same notation as Figure 7. The corresponding
correlation coefficients and mean squared errors are listed in Table 4. Regardless of the
data processing method used, both neural networks achieved high prediction accuracy,
with comparable correlation coefficients and mean squared errors. This reveals that the
neural network trained with the established data sampling strategy in this study is
insensitive to data normalization, which is likely caused by the inherent characteristics of
the dataset. Given the research objectives and experimental results, raw data can be
directly employed for model training in this work.

Table 4. R and MSE of different data format.

Data Training Validation Testing Overall
Processing MSE R MSE R MSE R MSE R
Method
Normalized 142 x 10+* 0.9947 5.04 x 105 0.9914 1.25 x10* 0.9936 1.14 x 10* 0.9913
Raw Data 1.46 x 10* 0.9947 5.75 x 105 0.9920 8.98 x 105 0.9941 1.24 x 10 0.9918
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Figure 9. Ignition delay samples versus predicted ignition delay by the multilayer feedforward

neural network: (a) normalized data; (b) initial data.

3.4. Sample Size

Alternative approaches for uncertainty analysis of ignition delay, such as the Monte
Carlo method, also face sample-size limitations. For neural network-based analysis,
prediction accuracy generally improves with sample size, but this inevitably increases the
overall computational cost. Training sets of 105 and 400 samples are separately generated
following normal distributions defined by the mean and variance of experimental data for
the six types of parameters (Table 1). Therefore, this section analyzes the neural network’s
requirement for sample size. The neural network was trained with three hidden neurons
and a node distribution ratio of 70:15:15. The prediction effects are shown in Figure 10,
and the correlation coefficient and mean squared error data are listed in Table 5.

Table 5. R and MSE of different sample size.

Sample
Size

Training

MSE

Overall
MSE R

Validation
R MSE R

Testing
MSE R

400
105

3.55 x 10
1.46 x 10

0.9654 3.19 x 10 0.9347
0.9947 5.75 x 10 0.9920

7.05 %105 0.9431
8.98 x 105 0.9941

3.46 x 10-5 0.9570
1.24 x 10 0.9918

According to the prediction results for different sample sizes shown in Figure 10,
increasing the sample size does not significantly improve prediction accuracy. The
meanings of data points and boundary lines in this figure are consistent with those in
Figure 7. From Table 5, it can be seen that after increasing the sample size, although the
mean squared error improves, the correlation coefficient shows a downward trend. The
above indicates that increasing the sample size for the neural network constructed in this
study causes overtraining, leading to fluctuations in prediction accuracy. Compared with
the 400-sample dataset, the model trained on 105 samples achieves comparable correlation
coefficient and mean squared error under the fixed random data split adopted in this
study, while greatly reducing the total computational overhead of sample generation and
neural network training. It should be noted that the high computational efficiency of the
model trained on 105 samples may only be valid for the current random splitting scheme.
Repeated training with diverse random seeds will be conducted in follow-up studies to
remove the disturbances induced by random data division.
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Figure 10. Ignition delay samples versus predicted ignition delay by the multilayer feedforward
neural network: (a) 400; (b) 105.
3.5. Uncertainty Analysis
Table 6 lists the uncertainty ranges of physical parameters for n-dodecane under
ambient temperatures of 800 K and 1100 K, respectively [47]. Based on the data at 800 K
and 1100 K, the aforementioned neural network is trained and predicted in this section,
and the results are shown in Figure 11. The neural network adopts a three-layer FNN with
three hidden neurons and a total sample size of 105, which is split at a ratio of 70:15:15.
The meanings of data points and boundary lines in this figure are consistent with those in
Figure 7.
Table 6. Variables and their uncertainty ranges at 800 K and 1100 K ambient temperature [47].
Parameters S0 K 1100 K
Mean Value Uncertainty Mean Value Uncertainty
Ambient Temperature (K) 800.8 +4.3 1112.3 +4.7
Injection Duration (ms) 6.1 +0.001 6.1 +0.001
Oxygen Concentration (%) 15 +0.01 15 +0.01
Nozzle Diameter (mm) 0.084 +0.001 0.084 +0.001
Initial Temperature (K) 373 +30 373 +30
Ambient Density (kg/m?) ! 22.76 +0.03 22.70 +0.05
! Reflected by the ambient pressure in the analysis, Z800 = 1.014, Z1100 = 1.017 [47].
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Figure 11. Ignition delay samples versus predicted ignition delay by the multilayer feedforward

neural network at different ambient temperatures.
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It can be observed from Figure 11 that the neural network adopted in this study is
also applicable to uncertainty analysis under ambient temperatures of 800 K and 1100 K.
At an ambient temperature of 800 K, the ignition delay of n-dodecane in the constant-
volume combustion vessel is 0.85 ms with an experimental uncertainty of £0.11 ms [47]. A
comparison with the prediction results at 800 K in Figure 11 reveals that the prediction
accuracy of the neural network is far better than the experimental uncertainty. As
presented in Table 7, the mean square error under the ambient temperature of 1100 K is
extremely low, which is reflected in Figure 11 by the excellent agreement between
predicted values and sample data. Consequently, the neural network can be utilized for
uncertainty analysis under both operating conditions.

Table 7. 800 K and 1100 K ambient temperature.

Ambient

Data Types MSE R RMSE MAE MRE MaxAE
Temperature

Training 4.50 x 10 0.9964 0.021213 0.010707 0.008647 0.043081

800 K Validation 4.51 x 10+ 0.9971 0.021237 0.007048 0.005663 0.025188
Testing 1.70 x 103 0.9985 0.041231 0.009694 0.008195 0.022905

Overall 4.17 x 10+ 0.9956 0.020421 0.009995 0.008124 0.043081

Training 4.67 x 10 0.9852 0.002161 0.000755 0.003672 0.003026

1100 K Validation 3.33 x 10 0.9732 0.001825 0.001139 0.005616 0.003306
Testing 7.84 x 10-° 0.9557 0.0028 0.001268 0.00612 0.005019

Overall 4.66 x 10 0.9644 0.002159 0.000891 0.004342 0.005019

In actual research, the greatest advantage of neural network surrogate models lies in
their minimal computational consumption. In the work of Pei et al. [69], calculating each
sample roughly required 75 h of computation on a 16-core processor. In this study, apart
from the necessary sensitivity calculations, the remaining variance results were obtained
directly from the trained neural network. The computation time for each set of 60 samples
was approximately 15-20 min.

4. Conclusions

A feedforward neural network surrogate model was constructed based on the n-
dodecane skeletal mechanism derived using the decoupling method and integrated with
a CFD numerical model. The training samples were obtained from ignition delay
predictions in a constant-volume bomb, and the predictive performance of the surrogate
model was systematically evaluated. The Levenberg-Marquardt optimizer was employed
with an adaptive damping coefficient p (initial value = 1.0, attenuation factor = 0.8,
increment factor = 1.5) in place of a constant learning rate. Each training trial was limited
to 1000 epochs, with random weight re-initialization performed before every run. Mean
squared error was adopted as the loss function, and the training process was terminated
once the validation MSE decreased below 0.005. An inherent early stopping strategy was
deployed to suppress overfitting, without supplementary weight decay regularization. In
addition, 1000 repeated training runs with weight re-initialization were implemented to
mitigate result randomness induced by initial weight assignments.

The effects of hidden neuron count, data allocation ratio, normalization, and sample
size on prediction accuracy were individually examined. Regarding hidden neuron count,
both the single-neuron and three-neuron models outperformed the two-node model, with
the three-neuron configuration delivering slightly superior predictive accuracy while
maintaining sufficient computational efficiency. During actual training, a moderate
training set partition ratio of 70:15:15 (%) yields better predictive performance than other
data allocation schemes, in terms of both correlation coefficient and mean squared error.
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The dataset and model architecture adopted in this study were found to be insensitive to
data normalization, allowing the direct training method to be used without loss of
predictive performance. Under the sampling rule adopted, the model trained with 105
samples exhibited higher practicability compared with the 400-sample counterpart,
maintaining favorable prediction accuracy while substantially reducing computational
cost. Therefore, a sample size of 105 was recommended for neural network training to
effectively reduce the overall runtime. In summary, this paper employs a three-layer FNN
for uncertainty analysis, with three hidden neurons, a training: validation: testing sample
ratio of 70:15:15 (%), a training sample size of 105, and no normalization processing. Under
the parameter uncertainty ranges given in Table 6, the neural network achieved
satisfactory predictions of n-dodecane ignition delay in the constant-volume bomb at 800
Kand 1100 K, with good agreement against the sample data. The surrogate model can be
adopted for combustion prediction and uncertainty quantification. The surrogate model
can greatly improve the efficiency of fuel combustion characteristic prediction and
support more complex and extensive analyses. The adopted feedforward neural network
surrogate drastically reduces the computational time cost for combustion prediction to
merely 15-20 min per 60-sample batch, accelerating the forecasting of fuel combustion
characteristics and facilitating subsequent complex and efficient analyses. Future work
will conduct comprehensive comparative analyses of modeling performance across
diverse neural network architectures.
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