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Abstract

Leakage incidents at natural gas distribution stations (NGDSs) present severe fire and
explosion risks, demanding immediate, data-driven emergency responses. While crucial
for minimizing hazard impacts, real-time prediction of gas dispersion ranges remains a
significant operational challenge. To partially address this critical safety need, this study in-
troduces a rapid-response prediction framework prototype integrating computational fluid
dynamics (CFD) with machine learning (ML). Specifically, a comprehensive database of
500 experimentally validated CFD leakage scenarios at 60 s was developed first, specifically
focusing on mapping gas concentration contours within the critical 5-15% flammability
range. To identify the most effective real-time predictive tool, three ML algorithms, in-
cluding a backpropagation neural network (BPNN), long short-term memory (LSTM),
and gated recurrent unit (GRU), were evaluated. The BPNN initially outperformed the
sequence models, with a coefficient of determination (R?) of 0.96, a mean squared error
(MSE) of 1.35, a mean absolute error (MAE) of 0.77, a maximum absolute error (MaxAE)
of 4.94 and an average training time of 4.23 s per epoch. To further meet the stringent
speed and precision demands of emergency scenarios, the model was enhanced via par-
ticle swarm optimization (PSO-BPNN). This optimized framework achieved exceptional
accuracy (R? = 0.99, MSE = 0.34, and MAE = 0.38) while reducing the training time to just
1.42 s per epoch under the current computational configuration. The developed CFD-ML
prototype provides a practical, highly efficient tool for NGDS operators and emergency re-
sponders, enabling them to instantly visualize hazard zones, optimize evacuation protocols,
and safely mitigate leakage incidents before ignition occurs.

Keywords: gas dispersion range; computational fluid dynamics (CFD); backpropagation
neural network (BPNN); long short-term memory (LSTM) network; gated recurrent unit
(GRU) network; particle swarm optimization (PSO)

1. Introduction

A natural gas distribution station (NGDS) is a pivotal transition network from end
to end in regulating and distributing natural gas. During daily operation in an NGDS,
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accidental leakages could happen, possibly leading to severe consequences, such as fires
and explosions, if proper emergency responses are not carried out [1-5]. Practically, in
industrial applications, it is impossible to avoid all accidental leakages in NGDSs due to
not only the fact that the distribution system is the spatially largest and most complex part
of the entire natural gas supply chain, but also that direct comprehensive observation of the
emissions from these systems is logistically challenging [6]. A prompt emergency response
is essential to minimize losses caused by a leakage accident. To act efficiently, emergency
responders require accurate and reliable information regarding the exact location of the
leak and its potential dispersion range.

In general, there are three pathways to secure the dispersion range of natural gas in
NGDSs, i.e., field and wind tunnel experiments, empirical models, and computational
fluid dynamics (CFD) [7-13]. To date, only limited field experiments have been conducted
to investigate natural gas dispersion scenarios with the associated critical parameters
(i.e., evaporation rate, pool-spreading speed, and dispersion range) [14,15], which have
been used as the fundamental data for proposing empirical models. However, due to the
disadvantages of long periods, high costs, the randomness of environmental conditions
and low reproducibility in the field experiments [11], such experiments have rarely been
conducted in the past 30 years. To overcome these drawbacks, wind tunnel experiments
have become an alternative, avoiding large-scale field experiments and ensuring that the
whole test process is more controllable. Based on experimental results, some empirical
models and CFD models have been proposed to investigate the dispersion properties (i.e.,
gas concentration, the shape of the cloud plume, vortex size and locations) of natural gases
affected by wind direction and magnitude, ground obstacles, orifice size and shape, leakage
rate and pressure, etc. [12,16-19]. According to the state of leakage sources, empirical
leakage models can be divided into instantaneous and continuous leakage models [20], and
the leakage scenarios at NGDSs are categorized into the latter one. Two representative dis-
persion models, i.e., the Britter-McQuaid model (also called the phenomenological model
and nomogram model) [21] and the integral model (e.g., HEGADAS [22], DEGADIS [23],
and SLAB [24]), have been widely used to estimate some common characteristics of gas
clouds, such as the average cloud radius, the average cloud height and the average cloud
temperatures. These results have been utilized as references for emergency counselling and
responses. However, these empirical models cannot fit all natural gas dispersion scenarios,
and the estimation accuracy is highly dependent on fundamental experimental data and
appropriate parametric setups, such as safe dispersion coefficients, gas pressure drop and
kinetic energy changes [8,25].

Compared with empirical models, CFD modeling has unique features that include
complicated obstacles and terrains in the computational domains, which can mimic realistic
flow fields and diffusion fields at an NGDS [26-28]. Shen et al. [13] also summarized
that the primary advantage of CFD simulation models lies in their ability to account for
complex interactions between obstructions and fluid flow, which is especially important
when a flammable gas disperses in geometrically complex environments, such as urban
areas, chemical plants, and NGDSs. This capability enables the real-time estimation of
flammable material dispersion even in intricate geometric settings. The stability and
accuracy of CFD modeling depend on the agreement with experimental tests, which varies
with the employed turbulence models and has intensive requirements for a fundamental
understanding of the mathematical calculations. Moreover, its computational efficiency
depends on the number of computational mesh cells and the equipped computing sources,
limiting its application in instant emergency responses once accidental leakages happen [29];
therefore, a more effective and prompt alternative is urgently needed.
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Driven by the rapid development of artificial intelligence (AI) applications in fire pro-
tection and process safety engineering [30-36], it has become possible to find an alternative
pathway to help emergency responders obtain real-time natural gas dispersion range in
NGDSs precisely based on the leakage conditions by directly using machine learning (ML)
algorithms, without the need for complicated CFD knowledge in emergency responders,
which is, currently, the most popular method to predict gas dispersion scenarios while
being time-consuming and quite complex in the computing process [36-39]. A recent
review by Jiao et al. [40] highlighted that implementing machine learning surrogate models
in process safety research can significantly save human, material, and financial resources,
owing to their unparalleled advantages in trend identification and predictive assistance.
An appropriate ML algorithm with training and testing stages can deliver decent pre-
dictions in natural gas dispersion, while the biggest challenge is how to incorporate all
dispersion scenarios into the ML framework, which needs a solid database to train ML
algorithms [29,40]. The natural gas dispersion parameters (i.e., wind speed and direction,
leakage pressure and direction, and aperture size) in NGDSs have a close relationship with
the dispersion scenarios, such as the dispersion range and gas concentration, leading to
the fact that traditional regression algorithms can rarely perform well in the testing stage.
The latest research shows that neural networks can learn complex time-series data and
predict nonlinear and high-dimensional motions, giving new insights for predicting the
gas dispersion range [41,42].

Therefore, by integrating a high-fidelity CFD tool that can produce intensive ground-
truth datasets for ML training and testing under various parametric setups, neural networks
have a high potential to be employed in the prediction of gas distribution in NGDSs. In-
deed, the corresponding algorithms have been successfully employed in industrial fields.
Integrating CFD datasets, Shi et al. employed a Bayesian-based artificial neural network
(ANN) model, effectively predicting the flammable cloud volumes of offshore platform
leaks [43]. Similarly, using a variational autoencoder and a deep neural network based on
CFD datasets, Na et al. enhanced the accuracy in the prediction of toxic gas dispersion
in urban areas [44]. Mishra et al. used a CFD modeling-secured dataset to train and test
multi-layered ANNSs, which could successfully predict the methane concentration with a
mean square error (MSE) of 0.0304 and an R? of 0.942 [45]. Bi et al. used the CFD method to
simulate 720 hydrogen dispersion scenarios and developed a complete ensemble empirical
mode decomposition with adaptive noise algorithm (CEEMDAN) and attention-based con-
volutional neural network (CNN) and long short-term memory (LSTM) network, showing
good performance in hydrogen leakage positioning [46]. Also, recent advancements have
highlighted the potential of the recurrent neural network (RNN) architecture for complex
fluid dynamics tasks. For instance, Selvaggio et al. [47] demonstrated the efficacy of long
short-term memory (LSTM) networks in localizing leak sources using 3D CFD data, while
Sousa et al. [48] successfully employed gated recurrent units (GRUs) for similar leakage
source localization tasks. More evidence shows the growing research contributions in
the gas dispersion prediction field [2,38,39,49-56], which could assist the process safety
research community to secure a noninvasive, prompt, and precise pathway to predict the
gas dispersion range in NGDSs.

While these pioneer studies provide valuable insights into temporal sequence learning
for leak localization, predicting the full spatial dispersion range in different gas dispersion
buildings, which involves distinct interactions with ground topographies and obstacles,
presents a different challenge:

e  There is a lack of high-fidelity dispersion data to increase the robustness of ML predic-
tions in specific NGDS dispersion accidents under various environmental conditions,
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which can further assist in developing large language models specifically for the fire
protection and loss prevention research community.

This paper rigorously evaluates different ML architectures for spatial dispersion
prediction, ultimately proposing a highly optimized ML framework that achieves
state-of-the-art computational efficiency and accuracy.

To partially bridge the gaps, this study conducted experimental CFD simulations to
build an ML training and testing ground-truth database with 500 datasets by considering
various dispersion scenarios by changing critical factors (i.e., wind speed and direction,
leakage pressure and direction, and aperture size) in a representative NGDS model, pre-
senting detailed NGDS layouts involving various weather conditions realistically. Then,
three different, widely used neural network algorithms, i.e., a backpropagation neural
network (BPNN), LSTM, and a GRU network, were used to train and evaluate the CFD-ML
framework (see Figure 1).
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Figure 1. The CFD-ML framework to predict gas dispersion range in a virtual NGDS.

Based on the performance of the three neural networks in predicting the dispersion
range, an improvement effort on an optimized ML algorithm, i.e., a particle swarm op-
timization (PSO)-BPNN (PSO-BPNN) network, was carried out to assess the dispersion
range in the representative NGDS via a faster and more accurate pathway. The devel-
oped CFD-ML framework has high potential to be a pivotal part in emergency counseling,
emergency responses and other decisions to address accidental leakages in NGDSs.
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2. Methodology
2.1. Research Design

Based on the core hypothesis that there exists a CFD-ML framework that can predict
the natural gas dispersion range of accidental leakages in NGDSs, the training and testing
workflows of ML algorithms were proposed accordingly. Figure 1 presents the workflows
of the proposed approach, i.e., constructing the databases, selecting the algorithms, and
optimizing the algorithms. An NGDS model was constructed to secure the dispersion range
using CFD simulation, in which a total of 500 gas dispersion scenarios were considered
specifically. Considering the applicability of different models to the data, the simulated
samples were preprocessed and labeled by leakage scenarios. Then, three ML algorithms
(i.e., BPNN, LSTM, and GRU) were trained and tested to predict the gas dispersion range.
The first-rank network structure of the employed model was determined by the designated
minimum error, the highest correlation coefficient and the minimum convergence time. By
evaluating the performance of the three algorithms, an improvement effort using the PSO-
BPNN model was developed and conducted to improve gas dispersion range prediction in
terms of both accuracy and efficiency.

2.2. Gas Dispersion Range Simulations in an NGDS Using CFD
2.2.1. Geometry and Mesh of the NGDS Model

As the initial effort to test the feasibility of using ML algorithms to predict the natural
gas dispersion range region, one NGDS was constructed within a 3D computational domain
(326 m x170 m x 40 m) in this in silico investigation based on a local NGDS in Chongging,
China, mimicking the realistic gas dispersion scenarios on site. As shown in Figure 2, it
included a series of components, i.e., entry valve units and filter separators, compressor
units, purification units, device management units, pipe-cleaning units, and an office.

Mana, t
Uni

Power
Distributiol

| Entry Valves and

Filter Separators

Figure 2. Layouts and meshes of the NGDS model.

It is worth mentioning that the underground storage units under the entry valve units
and filter separators were not considered in the current investigation, since this study
focused on predicting the gas dispersion range due to the leakage in the entry valve units
and filter separators with higher leakage probabilities than other units (see Figure 2). A set
of three hexahedral meshes (i.e., mesh 01, mesh 02, and mesh 03) with corresponding sizes
of 1 m, 2 m, and 3 m was generated using FLACS-CFD 24.1 (Gexcon GexCon AS, Bergen,
Norway), which was prepared for the mesh independence test. The final mesh, i.e., mesh
02 with 836,205 computational cells, was decided by balancing the computational time and
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accuracy, with the relative difference in the dispersion range at the monitoring site (see
Figure 2) found to be smaller than 5% by comparing the results from the finest mesh.

2.2.2. Governing Equations

In this study, natural gas consisted of three gases, namely, CHy, C,Hg, and C3Hg, with
corresponding ratios of 91%, 7%, and 2%, respectively. The Reynolds-averaged Navier—
Stokes (RANS) model with the k-¢ turbulence model was used to predict the gas dispersion
range in the developed NGDS. Specifically, the governing equations of mass, momentum,
enthalpy, the mass fraction of natural gas Yy, and the mixture fraction of gases & can be
written in an integral form, that is,

fp5ievonrav+ b pomaria = fp 5 (brogt Jaa+ ffov (s, + rpav @

where By is the ratio of the open volume to the total volume of each computational cell; p
is the density; ¢ is the general variable representing either 1, u;, h, k, €, Yf, or G, respectively;
V is the control volume; A is the control volume surface normally pointing outwards in the
ith direction; u; is the velocity in the ith direction; ; is a term excluded from the Einstein
summation convection in the partial differential equations; I'y is the effective turbulence dif-
fusion coefficient; Sy is the source term for ¢; and R is the additional resistance, turbulence,
or heat transfer caused by solid obstructions in the computational domain.

2.2.3. Boundary Conditions

To mimic the realistic gas leakage scenarios, three main parameters, i.e., leakage source,
weather, and ground environment, were considered in this study, according to the specific
operating conditions and associated risk factors in the NGDS [57]. The leakage source
conditions included leakage pressure, leakage pore diameter, and leakage direction. The
environmental temperature and wind conditions were related to the weather factors, and
the ground environment often considered obstructions such as buildings and equipment.
The specific designs for CFD modeling are presented in Table 1, consisting of 500 gas
dispersion scenarios. The detailed settings can be accessed in the Supplementary File.

Table 1. Boundary conditions for CFD modeling to develop the training and testing database.

Boundary Conditions Values
Leak pressure 2,4,6,and 8 MPa
Leak size 5, 25,50, 100, and 150 mm
Leak direction XandY
Atmospheric stability F
Temperature 20°C
Wind speed 0,1,3,5,and 7m/s

East, northeast, north, northwest, west, southwest,

Wind direction south, and southeast

Humidity 60%
Atmospheric pressure 0.1 MPa
Ground condition Obstacle

The leakage pressure range was set as 2 to 8 MPa to investigate various initial leakage
conditions. The leakage aperture size was set from 5 to 150 mm to capture aperture influ-
ences on gas dispersion. The leakage direction included three directions in the coordinate
system. The wind speed was set from 0 to 7 m/s, with a wide range from calm to intensive
windy conditions. To account for the diversity of actual wind directions, this study included
eight primary wind directions, ensuring it could adapt to gas leakage diffusion predictions
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under various conditions. The ground condition incorporated obstacles to simulate the
impact of equipment and buildings on gas diffusion within the NGDS environment.

In this study, atmospheric stability was specifically set as Category E. This selection
was grounded in the worst-case-scenario principle in an NGDS leakage and dispersion
accident. The high stability and limited vertical mixing characteristic of Category F often
led to the maximum accumulation of leaked gas and the largest flammable cloud volumes.
By prioritizing these critical conditions, the developed prototype ensures a conservative
and reliable safety margin for rapid risk assessment and emergency decision making. The
temperature was maintained at 20 °C, providing a standard condition for examining gas
dispersion behaviors. The humidity was set at 60% to isolate the humidity variable and
assess the effects of other main factors on gas diffusion. The atmospheric pressure was
maintained at 0.1 MPa, offering a unified pressure reference to study pressure-related
factors in the simulated gas dispersion processing.

2.2.4. Training and Testing Database Preparation

The detailed settings of 500 gas dispersion scenarios can be accessed in the Supple-
mentary File (numbered case001 to case500), which were prepared for the ML training,
verification, and testing database. The datasets consisted of five parametric features, i.e.,
leak pressure, leak aperture size, leak direction, wind speed, and wind direction (see
Table 1). The dispersion range contours after the leakage had occurred for 60 s, used for
training and testing the ML algorithms, were acquired near the leakage location with a
horizontal plane for all CFD simulation cases (see left contour in Figure 1).

To reduce the data dimensionality while still delivering highly reliable and widely
accepted hazard representations, the cross-section contour was selected based on two
rationales, i.e., gas sensors are often installed at this location, and the dispersion range
region is close to the largest cross-sectional area in the horizontal direction. It is worth
mentioning that the contour figures were plotted within the natural gas explosion limits
from 5% to 15%. An example of the dispersion range contour in the cross-section plane
can be found in Figure 1. All contours were stored in BMP format as the training and
test database. A total of 500 datasets were used to train and evaluate the investigated ML
algorithms. The dataset was randomly split and divided into three folders: training set
(70%), verification set (20%), and test set (10%).

2.3. ML Algorithms for Gas Dispersion Range Prediction
2.3.1. BPNN Structure

Figure 3 shows the BPNN structure with a multi-layer (a minimum of three layers
consisting of input, hidden, and output layers) feedforward network trained by an error
inverse propagation algorithm [58]. The learning process of the BPNN consists of forward
propagation and backpropagation. In the forward propagation, the features of the train-
ing data are fed into the input layer. The calculation formula for the input data can be
written as

m—1

s _
”m:Zj:1 w}”,y}” Lt m=1,2,..., M(M > 2) (2)

1

where M is the number of layers in the neural network. The predicted output is obtained
by passing through the hidden layers. Each neuron weighs the input, and then the output
is obtained through the sigmoid activation function. The output of each layer and the last
layer of neurons can be obtained using Equations (3) and (4), respectively, which are

ym — fﬂl(nm) (3)

y=yM (4)
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where m is the neural network in each layer, and f” represents the transfer function in
each layer.

Hidden
Layers

Input
layer

Output
layer

Figure 3. BPNN structure.

In backpropagation, the error of the predicted output is calculated by comparing the
real value before it is propagated back to the network layer via the chain rule to reduce the
error by updating the weight of each neuron. This process involves gradient calculation
and then uses gradient descent to adjust the corresponding weight. Using the gradient
descent method, the minimum error can be calculated via the partial derivatives of

. S
oF oF n; 5)

- = — X —t
m m m
awu ani awllj

ofF  of  onm
3™ ~ on ~ 9bm ©)

where F is the error function; wr; is the connection weight between the i-th neuron and
the j-th input in the m-th layer neural network; n" is the weighted sum of all the input
signals received by the i-th neuron in the m-th layer; and b;" is the bias parameter of the
i-th neuron in the m-th layer, which provides an adjustable threshold for the neuron and
affects the activation state of the neuron.

The weights can be adjusted using

Wi (k+1) = wf(k) — sy @)
b (k+1) = b} (k) — ] ®)

The whole process is repeated until reaching the predetermined number of training
rounds or satisfying the terminated conditions. During this process, the BPNN gradually
learns the mapping relationship between the input features and the output labels, thereby
improving the performance and generalization ability.

2.3.2. LSTM Structure

As shown in Figure 4, LSTM has three components, i.e., an input layer, an LSTM layer,
and a fully connected output layer, possessing the capability to predict the gas dispersion
scenarios with the features in time-series and nonlinear distributions [2,59]. Specifically,
the LSTM input layer receives time-series data as inputs, which is the primary source for
ML learning and prediction. Each time step contains input data information in various
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dimensions. The time-series data travel through the input layer into the model, and the
features of each time step are passed to the LSTM layer, which processes the input sequence
through the input gate, the forget gate, and the output gate, simultaneously adjusting and
transmitting hidden states and capturing long-term dependencies in the sequence. In this
process, the selected information can be retained by the forget gate using

ft= U<Wf[htflrxt} + bf) 9

where f; represents the output value of the forget gate; Wy represents the weight matrix;
and o representative the sigmoid activation function. When f; = 1, it indicates that the
previous moment state is retained. When f; = 0, it indicates that the previous moment
state is discarded.

Output
Hidden Layer Layer
Ce —% B c. i i Labelt
1 i Label 2
0 O tanh o : .
hes | he : i Labeln i
Figure 4. LSTM network structure.
The unit status is updated by
C=fi®Ca+i®Cr (10)
The outlet results are calculated via the output gate by
or = c(Wolhs—1,xt]) + bo (11)
hy =0 ® tanh(Ct) (12)

The final results are in the LSTM obtained via a fully connected linear layer, which
is responsible for mapping the learned hidden states to target values. The parameters of
the fully connected layer are optimized during backpropagation training to minimize the
difference between the predicted and real values.

2.3.3. GRU Structure

GRU is a varietal LSTM model in recurrent neural networks to improve their perfor-
mance by replacing the input and forget gates with an update gate. The specific memory
and forgetting gates can better solve the problems of gradient vanishing and gradient
explosion in the process of time-series training [60]. As presented in Figure 5, the GRU
model uses a GRU layer and a linear output layer.
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o o tanh

Xt

Figure 5. GRU network structure.

During the forecasting process, the model receives time-series data as the input, where
each time step contains multiple features. This input sequence is a key source of information
for model learning and prediction. The GRU layer dynamically adjusts and memorizes
sequence information through the mechanism of updating and resetting gates. The fully
connected layer is responsible for mapping the learned hidden state to target values and
generating the final predicted output. Specifically, the mathematical expressions for the
update gate and the reset gate in GRU are

net, = wyxt + uzhp_q (13)

zt = o(net;) (14)

where net, represents the excitation function; w, and u, are weights; x; represents the input
data at the current time; h;_; represents the hidden state in the previous moment; and z; is
the output value of the update gate, and it is obtained by applying the sigmoid activation
function o to net,.

2.4. Numerical and ML Setups

In this study, CFD modeling was performed using FLACS-CFD 24.1 (Gexcon GexCon
AS, Bergen, Norway) in a local 64-bit Windows workstation with the specifications of
an Intel CPU i7-12700 (12 cores; 2.1 GHz) and 64 GB of RAM. The second-order central
differencing scheme was employed to obtain diffusive fluxes, and a second-order hybrid
scheme with weighting between upwind and central differences was used to obtain con-
vective fluxes. Time marching was carried out using the first-order implicit backward
Euler scheme, and the discretized equations were solved using the biconjugate gradient
stabilized method (BiCGSTAB), an iterative method, with the semi-implicit method for
pressure-linked equations (SIMPLE), a pressure correction algorithm. Each case took ~72 h
to match the convergence criteria of 1 x 107°.

The four ML algorithms were coded and compiled in Keras 2.4.3. The training and
testing were performed on a local 64-bit Windows workstation with an Intel GPU UHD 770
with 32 GB of shared memory. The root-mean-square error (RMSE) was used to measure
the difference between the predicted output of a model and the actual target value. The
coefficient of determination (R?), mean squared error (MSE), mean absolute error (M AE),
95% prediction interval coverage (PICP) (95% prediction interval) [61], and false-negative
rate (FNR) [62] were used to assess how well a regression model fit the observed data in
this study (see Section 3). The training times were approximately 4.23 s, 14.32 s, 20.35 s,
and 1.45 s per epoch for the BPNN, LSTM, GRU, and PSO-BPNN models, respectively.

2.5. Data Preprocessing for ML

The dispersion phenomena in NGDSs can be affected by many factors, such as wind
speed, direction, obstacles, etc., while the dimensions and magnitude of these features
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can be quite different [41]. To avoid the influence of the raw data on the prediction range,
different features were normalized to make the datasets uniform. Specifically, three steps
were taken to preprocess the raw data, i.e.,

e  Parameters such as leakage pressure, leakage pore diameter, wind speed, temperature,
and atmospheric pressure were categorized.

e  Specific characters of the input data were removed and converted into floating-point
number types. For example, wind direction and leakage direction were converted
into numeric values using Label Encoder. Specifically, using Label Encoder, the wind
directions of east, northeast, north, northwest, west, southwest, south, and southeast
were encoded into sequential angular increments of 0°, 45°, 90°, 135°, 180°, 225°,
270°, and 315°, respectively. Using the same pathway, leak directions in X and Y were
encoded into 0° (east) and 90° (north), respectively.

e  Z-score normalization was used to standardize the standard deviation of the data and
scale the data according to the mean value of the data. The mean value of the data
was 0, and the standard deviation was 1.0.

More specifically, Figure 6 illustrates the normalization process, with the raw data on
the left and the normalized data on the right, with a mean value of 0 and a variance value
of 1.0. This processing can normalize different parameters using the same scale, improving
the convergence speed. Z-score normalization can be expressed by

x —
o
where x represents the original sample data values; y is the mean of the sample data,
which is calculated as the average of all the data values in the original dataset; and ¢ is the
standard deviation of the sample data, which measures the dispersion degree.
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Figure 6. Z-score normalization for CFD modeling data.

3. Results and Discussion
3.1. CED Modeling Validation

To validate the CFD model, which can be successfully employed to simulate the gas
dispersion range in an NGDS, the gas concentrations obtained in this study were compared
with previous experimental results and simulation results [63]. As presented in Figure 7a, a
full-size wind tunnel (11 x 3 x 3 m3) was constructed, and a mesh independence test was
conducted to determine the final mesh with 45,220 hexahedral volumetric cells for CFD
modeling by comparing the gas concentration at the sampling point S1 with the results
from the finest mesh with 112,466 volumetric cells, in which the computational accuracy
and efficiency were considered specifically. The leakage site size was 0.01 m. It was oriented
vertically upwards at a height of 0.01 m above the ground and horizontally forwards at 1 m
from the air inlet. Four spilling scenarios were simulated with corresponding gas-spilling
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rates, namely, 10, 12, 15, and 18 m?/h. Since the wind velocity plays a pivotal role in the gas
dispersion, according to the experimental settings [63], which considered ground fractional
effects, the inlet wind velocity u at different heights Z’ was designated as

Z/:(x_V)

- (16)

where 1y was 0.6 m/s, which was measured at a height of 2 m (Zp) at the computational
center, and p was set as 0.3, since the local atmospheric stability class was F. A total of
six sampling points, namely, 51, S2, S3, 54, S5, and S6 (see Figure 7a) were arrayed in the
center line via the leakage jet nozzle in the downstream direction. In accordance with the
experimental settings, the distances between the leakage site and sampling points (51-56)
were 2, 3, 4, 6,8, and 10 m, respectively [63].
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Figure 7. CFD model validation [63]. (a) Geometric layouts and sampling sites; (b) comparisons at a
release rate of 10 m3/s; (c) comparisons at a release rate of 12 m®/s; (d) comparisons at a release rate
of 15m3/s; and (e) comparisons at a release rate of 18 m3/s.
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It is worth noting that although the baseline experimental validation was conducted
using CO; wind tunnel data [63], the primary objective was to verify the mathematical
and numerical robustness of the CFD framework, particularly the efficacy of the selected
turbulence model, grid discretization, and species transport equations in resolving complex
concentration gradients. Since the fundamental Navier-Stokes and advection—diffusion
equations universally govern continuous fluid dispersion, the validated numerical method-
ology is highly transferable. Transitioning the model to simulate high-pressure natural
gas jets fundamentally relies on updating the thermophysical material properties, such as
density and molecular weight and the respective boundary conditions within this proven
computational architecture, thereby ensuring high confidence in the predictive accuracy of
the target natural gas scenarios.

In Figure 7b—e, it can be found that the gas concentrations in the CFD modeling at
various distances agreed decently with the experimental data under the simulated four
spillage scenarios, with the Pearson correlation coefficients R being larger than 0.9995,
0.9666, 0.9761, and 0.9728, respectively. Such results in this study even performed better
than the CFD modeling using the k — € turbulence model in a previous study [63], in which
the R values were registered as 0.9946, 0.9752, 0.8121, and 0.9607 under spilling rates of 10,
12,15, and 18 m3 /h, respectively. Therefore, it can be justified that the employed CFD model
in this study was qualified to simulate gas dispersion scenarios in the NGDS realistically.

3.2. ML Prediction Performance

The mean squared error (MSE), mean absolute error (M AE), determination coefficient
(R?), maximum absolute error (MaxAE), 95% prediction interval coverage (PICP) (95%
prediction interval) [61], and false-negative rate (FNR) [62] were calculated on the test set
to evaluate the prediction accuracy and generalization capability of each ML prediction
model in this study. The averaged MSE and MAE, as well as R?, are calculated using
Equations (17)—(20):

1 N 2
MSE = & ¥ (3 —w) (17)
1 Y~
MAE = N E Yi—Yi (18)
n=1
<~ 2
Yi—VYi
RP=1-Yy" "~/ 19
it i —vi) 19)
N
MaxAE = Max’ywi — Vi (20)
i=1

where y; represents the actual data value, yN, represents the predicted output value from
the neural network, ¥; represents the mean value of the ground-truth data, and N is the
number of tested cases. R? ranges from 0 to 1. A value approaching 0 indicates poor
model performance, suggesting that the model fails to capture the underlying patterns
in the data. Conversely, a value close to 1 signifies excellent predictive ability, reflecting
the model’s strong alignment with the observed outcomes and its effectiveness in making
accurate predictions. Since the models output deterministic point predictions rather than
probabilistic bounds, this study estimated the 95% prediction interval using the standard
assumption of normally distributed residuals, i.e., £1.96 x standard deviation of errors.
In FNR evaluation, a false negative means the model failed to predict the gas dispersion
range (e.g., the sample critical hazard threshold of 110).

https://doi.org/10.3390/fluids11060137


https://doi.org/10.3390/fluids11060137

Fluids 2026, 11, 137 14 of 24
3.2.1. BPNN Performance
The performance of the BPNN model was estimated by comparing the predicted
values with the real simulated values using Scikit-learn MLP Regressor. Specifically, the
model sensitivity was investigated first to determine the appropriate number of neurons
that were designated to train and test the BPNN algorithms. As shown in Figure 8a, when
the neurons in the hidden layer reached 22, the calculated R? tended toward a stable state,
with a registered value of 0.747 in the training session.
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Figure 8. BPNN prediction performance. (a) Relationship between neuron number and R?; (b) com-
parisons between true and predicted data; and (c) scatter distributions for true vs. predicted data.

Therefore, 22 neurons were selected as the final algorithmic structure in the hidden
layer to predict the gas dispersion range. The sigmoid activation function was used, and
the number of iterations was set as 200. The data obtained by comparing the simulated
data with the predicted data through the BPNN with hyperparameter tuning are shown in
Figure 8b,c, resulting in the BPNN model being able to predict the gas dispersion range in
the NGDS well, with R? = 0.96, MSE = 1.35, MAE = 0.77, MaxAE = 4.94, PICP = 92.68%,
and FNR = 6.76% (see Table 2).
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Table 2. ML prediction performance evaluation under three metrics.

BPNN LSTM GRU PSO-BPNN
MSE 1.35 23.25 13.41 0.34
MAE 0.77 343 2.49 0.39
R? 0.96 0.32 0.63 0.99
MaxAE 4.94 24.15 16.21 247
PICP 95% [%] 92.68 95.1 93.66 92.68
FNR [%] 6.76 16.44 9.46 0

3.2.2. LSTM Performance

Similar to the investigations of the BPNN model, the sensitivity of LSTM was studied
first, and 16 neurons were determined to train and test the LSTM algorithms, whereby a
stable R% was obtained (see Figure 9a), i.e., 0.37. It is worth mentioning that, in this study,
the Adam optimizer was used to update model parameters, and the learning rate was set
as 0.001. The MSE was used as the loss function to measure the difference between the
model output and the actual label. The number of iterations was set as 200 with the Tanh
activation function. The performance of the LSTM model is visualized in Figure 9b,c by
hyperparameter tuning (R? = 0.32, MSE = 23.25, MAE = 3.43, MaxAE = 24.15, PICP = 95.10%,
and FNR = 16.44% (see Table 2)) after epochs.
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Figure 9. LSTM prediction performance. (a) Relationship between neuron number and R2; (b) com-
parisons between true and predicted data; and (c) scatter distributions for true vs. predicted data.

https:/ /doi.org/10.3390/fluids11060137


https://doi.org/10.3390/fluids11060137

Fluids 2026, 11, 137

16 of 24

0.8

0.6

0.5

RZ

0.3

0.2

0.0

A Testing  Training

3.2.3. GRU Performance

The sensitivity of the GRU model was investigated first by comparing the results with
varying numbers of neurons. As shown in Figure 10a, R? reached a stable state, with a
registered value of 0.542, as the neurons were increased to 16 in the training session. Thus,
the final structure of the GRU model consisted of 16 neurons in the hidden layer. In the
prediction process, one GRU layer and 11 hidden layers were employed, and the Adam
optimizer was used to update the model parameters. The learning rate was set to 0.001 with
the Tanh activation function. Figure 10b,c show the evaluations (R? =0.63, MSE = 13.41,
MAE =2.49, MaxAE = 16.21, PICP = 93.66%, and FNR = 9.46% (see Table 2)) after epochs by
comparing the hyperparameter tuning between true and predicted values.
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Figure 10. GRU prediction performance. (a) Relationship between neuron number and R2; (b) com-
parisons between true and predicted data; and (c) scatter distributions for true vs. predicted data.

3.3. PSO-BPNN Model Perfrmance

It can be found from Section 3.2 that the capabilities of the GRU model and the LSTM
model in predicting the gas dispersion range in the NGDS were lower than the performance
of the BPNN model, although all employed algorithms were discreetly adjusted through
cross-validation to ensure their optimal performance. Even for BPNN model, the accuracy
(R? = 0.96, MSE = 1.35, MAE = (.77, MaxAE = 4.94, PICP = 92.68%, and FNR = 6.76%) in the
gas dispersion range prediction cannot satisfy the practical conditions, since more accurate
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information upon the dispersion range in gas leakage accidents is mandatory to ensure the
instant emergency response is carried out to reduce the loss from leakage consequences.

Nevertheless, it is worth mentioning that the superior performance of the BPNN over
the other two sequence-based models (i.e., LSTM and GRU) can be primarily attributed to
data suitability. The input features utilized in this study (i.e., leak pressure, leak aperture
size, leak direction, wind speed, and wind direction) represent independent boundary
conditions for distinct dispersion scenarios at t = 60 s rather than continuous time-series
data. While LSTM and GRU are explicitly designed to capture temporal or sequential
dependencies through complex internal gating mechanisms, the current dataset lacks a
meaningful sequential structure for these architectures to exploit. Consequently, applying
sequence-based models to non-sequential, independent spatial parameters introduces
unnecessary algorithmic complexity, leading to their considerable underperformance. In
contrast, the BPNN effectively establishes direct, nonlinear mappings between independent
input variables and the spatial dispersion outputs, making it fundamentally better suited
for the dataset evaluated in this study.

In this study, although the BPNN model has good applicability to dealing with nonlin-
ear problems, it is prone to overfitting [44]. The BPNN model is not only time-consuming
but also has intensive needs for cache during the prediction process. Local suboptimal
solutions and high calculation costs limit its application as well. Alternatively, a previous
study revealed that PSO algorithms assembled in the BPNN model have the capability to
reduce learning time and stabilize network training [41]; thus, this study made a tentative
effort to test the qualifications of the PSO-BPNN model in predicting gas dispersion range
in gas leakage accidents. The program employed the synthesis of the BPNN and PSO
algorithms to deliver a top-tier solution for predicting the leakage range of combustible
gases in NGDSs by enhancing the optimization of neural network weights and thresholds.
The specific processes of establishing the PSO-BPNN model are shown in Figure 11.

| Clarify BPNN Structure I

!

[ initialize PSO Parameters | —»|  Output BPNN Training Results

A A
Calculate Particle Fitness to Adjust BPNN Algorithm Weights
Secure the Optimal Position and Thresholds
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Position and Velocity

Has the
Maximum
Number of
Iterations been
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Satisfying
Designated
Conditions?
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Output the Optimal Position and Map
it to BPNN Initial Weight Threshold Output Training Model

Figure 11. PSO-BPNN model workflow.

Specifically, in the process of finding the optimal value, the BPNN structure was first
defined, and the particle swarm parameters were initialized; that is, the number, velocities
and positions of particles in the PSO algorithm were determined. Then, the fitness of
each particle was calculated to ensure an optimal position. The quality of the solution
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represented by each particle was assessed to determine its location in the search space.
The positions and velocities of the particles were updated based on their fitness and the
principles of PSO algorithms. The formulae for calculating particle velocity and position
were as follows:

vig(t+1) = w x vig(t) + c1r1(pia — xia(t)) + car2(Pea — xia(t)) (21)

Xig(t+1) = xjg(t) + vig(t +1) (22)

where ¢; and ¢, represent the learning factors in the range of (0, 2); v;; represents the
velocity of particle motion; x;; represents the position of the particle; and ry and r, represent
numerical values in the range of (0, 1).

After updating the particles’ positions and velocities, it was checked whether the
predetermined maximum number of iterations had been reached. If not, the particles’
positions and velocities were continuously updated until either the maximum number
of iterations was reached, or other stopping criteria were satisfied. The optimal particle
position was chosen as the initial weight and threshold of the neural network. These
initial weights and thresholds were then used to train the neural network using the BPNN
algorithms. During the training process, the BPNN algorithms continuously adjusted the
weights and thresholds to minimize errors. Finally, it was checked whether the training had
satisfied the designated end conditions, such as reaching a predetermined error threshold
or completing a predetermined number of iterations. If the end condition was met, the
trained neural network model was the final output.

In the computing process, the population size (i.e., the number of particles) was set
as 20 based on previous research [39] and the characteristics of the predicted data in this
work. The dimension value of a single particle was calculated using

Z=axh+hxb+h+b (23)

In this study, the particle dimension value was set as 542, and the velocity and position
variables of the particles were initialized within (0, 1). The learning factor was set as 2, and
the number of iterations was set as 100. In addition, the maximum and minimum inertia
weights wpsy and wpy,, were set as 0.8 and 0.4, respectively. By randomly selecting test
samples and comparing the output values of the test samples with the simulated values, the
reliability of the model was determined and finally reinforced. As shown in Figure 12a,b,
the predicted values using the PSO-BPNN model had good performance in matching the
CFD values, with R? = 0.99, MSE = 0.34, MAE = 0.39, MaxAE = 2.47, PICP = 92.68%, and
FNR = 0 (see Table 2). More specifically, by comparing the metrics’ values for the four
employed models, it can be observed that

e  PICP 95% comparisons demonstrated that all models hovered around 92~95%, show-
ing normal residual distributions.

e  The PSO-BPNN achieved a near-perfect R> = 0.9901 and drastically lowered the
MaxAE compared with the other models. It was also unequivocally proven that LSTM
and GRU performed poorly on this dataset, with R? = 0.3184 and 0.6059, respectively.

e  Using the threshold of 110, the PSO-BPNN never failed to predict a critical value
(0% FNR), making it highly reliable for safety predictions. However, it should be
mentioned that this threshold needs to be adjusted based on the specific protocol.
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Figure 12. PSO-BPNN prediction performance. (a) Comparisons between true and predicted data;
(b) scatter distributions of true vs. predicted data.

Therefore, the PSO algorithms realized the target of sharing information among all
particles by learning the local experience for every single particle, which can obtain the
global solution in the search space, making up for the shortcomings of the employed BPNN
when used solely. Indeed, the standard and unoptimized BPNN serves as the primary
internal baseline to demonstrate the exact performance gains achieved by introducing
an optimization algorithm. The improved BPNN model (i.e., PSO-BPNN) inherits the
adaptive learning ability from the original BPNN model, offering an arbitrary nonlinear
map through local search [64]. Integrating the advantages of both the PSO and BPNN
models, the employed PSO-BPNN model greatly improved the accuracy and efficiency of
ML algorithms to predict gas dispersion ranges in NGDSs.

Although PSO demonstrates significant effectiveness in optimizing the BPNN pa-
rameters for this initial prototype, we still plan to incorporate a systematic comparison
of various optimization algorithms, such as genetic algorithms (GAs) [65], to identify the
most computationally efficient approach for NGDS leakage prediction frameworks. Never-
theless, it is worth mentioning that GAs rely on heavily discrete evolutionary operators,
such as crossover and mutation, which are more suitable for discrete domains. PSO utilizes
continuous velocity-based updating that is inherently designed for continuous optimization
problems [66]. Recent comparative studies evaluating neural network optimizers consis-
tently demonstrated that PSO converges faster than a GA when searching the continuous
and high-dimensional weight and bias space of neural architectures [67]. Furthermore,
direct benchmark comparisons between the PSO-BPNN and GA-BPNN models in engineer-
ing applications [68] confirmed that the PSO-BPNN achieves superior prediction accuracy
and computational efficiency.

4. Conclusions

In this study, an experimentally validated CFD model for predicting NGDS leakage
dispersion scenarios was developed to secure training and testing datasets under 500
designated leakage scenarios. Then, three ML algorithms, i.e., BPNN, LSTM, and GRU,
were employed and compared in terms of their dispersion prediction performance. To
further improve prediction accuracy and efficiency, a tentative effort, that is, employing
PSO-BPNN algorithms, was made accordingly. The main conclusions are listed below:
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e  Anexperimentally validated CFD model was developed to predict natural gas leakage
dispersion scenarios, and 500 leakage scenarios were simulated accordingly, which
were used as the training and testing database.

° The prediction results based on the initial three ML models, i.e., BPNN, LSTM, and
GRU, showed that the BPNN model had the best performance, with R? = 0.96, but the
shortest time consumption of 4.23 s per epoch.

e  The proposed PSO-BPNN model achieved a high prediction accuracy (R? = 0.99), with
an average training time of 1.42 s per epoch on the current workstation.

The developed CFD-ML prototype holds great potential for predicting gas dispersion
ranges at NGDSs by providing accurate and efficient information to emergency responders,
enhancing their ability to swiftly and effectively address leakage incidents.

5. Limitations and Future Study

Although the PSO-BPNN framework demonstrated high prediction accuracy (R? = 0.99,
MSE = 0.34, MAE = 0.39, and MaxAE = 2.47), with an average training time of 1.42 s
per epoch, this preliminary study relied on a single NGDS geometry under controlled,
fixed weather conditions (e.g., constant atmospheric stability and humidity). Real-world
applicability is constrained by the absence of multi-leak interactions, transient weather
dynamics, and complex terrain variations. To address these unresolved gaps and realize
the full potential of this digital twin framework for emergency responders, future research
is planned to focus on the following cutting-edge aspects:

(1) Integration of transient and realistic meteorological dynamics: Future CFD simu-
lations will incorporate time-varying weather conditions, including transient wind
gusts, temperature inversions, varying atmospheric stability classes, and humidity
fluctuations. Expanding the dataset to include these dynamic environmental factors
will improve CFD modeling robustness in highly unpredictable real-world climates.

(2) Geometric generalization via cross-domain transfer learning: To move beyond a single
NGDS layout, our future work will generate simulation data across various realistic
station topologies and complex terrains. By employing cross-domain transfer learning,
the model can be generalized to predict dispersion ranges across different hazardous
facilities without requiring extensive retraining from scratch for each new site.

(8) Complex leakage scenarios and multi-source interactions: Real-world accidents often
involve compounding failures; therefore, our subsequent studies will expand the pre-
dictive framework to account for complex scenarios, such as simultaneous multi-point
leaks, transient release rates (e.g., decaying pressure over time), and the mitigating
effects of secondary physical containments or blast walls.

(4) Real-time adaptive learning with live sensor networks: To fully transition the model
into a live digital twin, we plan to explore dynamically updating the ML framework
using continuous, live data feeds from on-site IoT gas detectors and anemometers.
This adaptive learning approach would allow the dispersion contours to be self-
corrected in real-time as an emergency unfolds.

(5) Although the consistent superiority of the PSO-BPNN framework across all these
varied statistical dimensions effectively validates its generalization ability on unseen
scenarios, as the framework is scaled to encompass broader datasets and dynamic tran-
sient leakages in future studies, standard cross-validation protocols will be integrated
to further solidify reliability assessments.

(6) Explainable AI (XAI) for safety-critical decision support: Because machine learning
models often operate as black boxes, future iterations will integrate explainable Al
techniques (such as SHAP or LIME). This will ensure the interpretability of the model’s
predictions, allowing emergency responders and safety engineers to understand
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the specific weight of input parameters driving a predicted hazard zone, thereby
increasing trust in safety-critical applications.

Supplementary Materials: The following supporting information can be downloaded at
https:/ /www.mdpi.com/article/10.3390/fluids11060137/s1. Table S1: Supplementary File.
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The following abbreviations are used in this manuscript:

Al Artificial intelligence
ANN Artificial neural network
BPNN Backpropagation neural network

BiCGSTAB  Biconjugate gradient stabilized method
CEEMDAN Complete ensemble empirical mode decomposition with adaptive noise algorithm

CFD Computational fluid dynamics
FNR False-negative rate

GRU Gated recurrent unit network
LSTM Long short-term memory

MAE Mean absolute error

MaxAE Maximum absolute error

MSE Mean square error

NGDS Natural gas distribution station
PICP Prediction interval coverage
PSO Particle swarm optimization
RANS Reynolds averaged Navier-Stokes
RMSE Root-mean-square error

RNN Recurrent neural network
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