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a b s t r a c t

Flammable gas leakage in a semi-enclosed scenario can lead to catastrophic consequences, such as vapor
cloud explosions. To reduce casualties and environmental damage, predicting the consequences based on
the initial concentration time series monitored by sensors is of paramount importance. This paper
proposes a consequence prediction model based on deep learning using variable-length concentration
time series. Incomplete concentration values are padded and then passed through a masking layer,
enabling the network to focus exclusively on valid data. The temporal correlations are extracted using a
long short-term memory (LSTM) network, and the final prediction results are obtained by passing these
features into a feedforward neural network (FNN). Computational fluid dynamics (CFD) software was
used to simulate the leakage of hydrogen-mixed natural gas. Experiments were carried out for nine
distinct prediction targets, derived from combinations of the mass and centroid coordinates of vapor
clouds formed by various gases. These prediction targets were modeled using both fixed-length and
variable-length input sequences. The high accuracy of the experimental results validates the effective-
ness of the proposed method.
© 2025 The Chemical Industry and Engineering Society of China, and Chemical Industry Press Co., Ltd. All

rights are reserved, including those for text and data mining, AI training, and similar technologies.

1. Introduction

In today's rapidly developing industrialized world, the leakage
of flammable and explosive gases can cause severe accidents and
substantial environmental damage [1e4]. In enclosed spaces, such
as turbine enclosures, if the concentration of leaked explosive gases
reaches the range between the lower and upper explosive limits,
vapor cloud explosions (VCE) may occur, resulting in significant
casualties [5,6]. To reduce such losses, it is crucial to accurately
estimate the spatiotemporal concentration distribution of gases
based on the time series of concentrations detected by sensors
during the initial stages of leakage. Additionally, it is important to
estimate the mass and centroid coordinates of the vapor cloud
formed after the gases reach a steady-state diffusion.

Various methods have been proposed for predicting the con-
sequences of VCE, each with its own strengths and limitations.
These approaches can be broadly classified into three categories:
empirical models, numerical simulations, and data-driven models
[7,8]. The classical empirical models, including the TNO multi-
energy method [9,10], the trinitrotoluene equivalency model

[11,12], and the BakereStrehloweTang model [13,14], often suffer
from significant limitations due to their reliance on simplified as-
sumptions and empirical correlations. These methods are particu-
larly inadequate in scenarios involving obstacles, where they fail to
accurately capture complex interactions and spatial variations.
Numerical methods, primarily referring to computational fluid
dynamics (CFD) tools, can overcome these limitations and have
been proven effective [15e20]. However, CFD simulations are
computationally expensive. Data-driven approaches have benefited
from the rapid development of machine learningmethods in recent
years [21,22]. Machine learning models not only excel at capturing
complex non-linear relationships between variables and exhibiting
self-learning capabilities, but they also provide results more quickly
[23]. Xu et al. [24] presented a beetle antennae search improved
back-propagation neural network model for predicting gas explo-
sion pressures. Zhou et al. [25] proposed a novel approach for
predicting explosion overpressure consequences in petrochemical
industry vapor cloud explosions by combining numerical simula-
tion with neural network technology. Since the initial concentra-
tion sequence of a leak can determine the distribution of steady-
state concentration, thereby affecting the vapor cloud's mass and
centroid position, it is more practical to predict consequences based
on the initial leak concentration sequence. However, few existing
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works utilize the initial leak concentration sequence for conse-
quence prediction. This paper aims to address this issue by pro-
posing a predictive model that adapts to varying lengths of sensor
data over time.

LSTM is widely used in processing time series data in chemical
processes, and it plays an important role in capturing long-term
dependencies [26,27]. However, for variable-length inputs, a sin-
gle LSTMmodel may struggle to adapt effectively to different input
lengths. In the field of neural machine translation, sentences to be
translated are typically of varying lengths [28]. Inspired by this, this
paper draws an analogy between concentration sequences of
different lengths and sentences of different lengths in translation.
Padding is used to align the concentration sequences, while a
masking layer is applied to disregard the padded, non-informative
data [29e31]. This approach enables the model to effectively
handle variable-length inputs for future consequence prediction.

The main contributions of this paper are as follows:

(1) To tackle the real-time consequence prediction problem, a
deep learning-based model using variable-length concen-
tration series data is proposed.

(2) A masking layer is added to the variable-length input after
the padding operation. An LSTM component is used to
extract the temporal high-dimensional features, which are
subsequently passed into a feedforward neural network
(FNN) to obtain the final results.

(3) CFD simulations are performed to prepare the experimental
data, considering different prediction targets. The high ac-
curacy of the results indicates the effectiveness of the pro-
posed method.

2. Scenario Description and Problem Statement

2.1. Scenario description

In this study, we employ the fire dynamics simulator (FDS) as
the CFD software, specifically designed to simulate heat transfer,
smoke propagation and combustion processes during fire incidents
[32]. FDS has been rigorously validated for its application in
modeling indoor diffusion processes, and its high precision, flexi-
bility and open-source nature render it an indispensable tool for
advancing safety measures [33e35]. Regarding its underlying
principles, FDS utilizes numerical techniques to solve the Navier-
Stokes equations, encompassing the continuity equation, mo-
mentum balance equation and energy balance equation, which are
respectively delineated as follows [36]:

vr

vt
þV$ðrUÞ ¼ 0 (1)

vðrUÞ
vt

þU$VðrUÞ ¼ �VP þ V$t (2)

vðrEÞ
vt

þV $ ðrEUÞ¼V $
�
kVTp

�þ S (3)

where r represents the density, U denotes the velocity vector, P
signifies the pressure, t refers to the stress tensor, E corresponds to
the total energy per unit mass, k indicates the thermal conductivity,
Tp represents the temperature and S accounts for any heat sources
or sinks.

In our study, weuse a semi-enclosed gas turbine enclosure as the
scenario, as shown in Fig.1,with an approximate size of 17m� 16m
�13m. Theouterenclosurehas ventilationwindows and anexhaust
fan above, bothofwhich ensure a stable airflow inside the enclosure.

A total of 89 different leakage scenarios were simulated using FDS.
Methane and hydrogen are mixed at a 9:1 ratio and released from 8
possible leakage points over a duration of 300 s. The leakage rates
include0.25, 0.5,1 and2kg$s�1,while the fan speeds include1, 2 and
3 m$s�1. The grid size is set to 0.25 m. It is worth noting that these
possible conditions are calculated based on certain parameters from
the actual scenario. A total of 10 sensors are randomly distributed
inside the enclosure, and each sensor simultaneously recorded the
concentrations of both hydrogen and methane. The specific co-
ordinates of the leakage sources and sensors are listed inTable 1 and
Table 2, respectively. These eight leakage sources in Table 1 are
strategically positioned at pipeline corners, where mechanical
stress and operational conditions make them more prone to leaks.
Furthermore, leaks at these locations are more likely to result in gas
accumulation, potentially forming explosive vapor clouds. Similarly,
the ten sensors in Table 2 are placed within the enclosure at posi-
tions where vapor clouds are likely to accumulate.

2.2. Problem statement

In this paper, we aim to predict themass and centroid location of
the vapor cloud using the initial concentration values before
reaching steady state. The mass and centroid location of the vapor
cloud determine the level of overpressure and its associated haz-
ards from a VCE. The concentration values detected by sensors at
the early stage of the leak can assist decision-makers in promptly
implementing measures to mitigate losses. The mathematical
formulation is presented in Eq. (4):

Fig. 1. Schematic layout of the experimental scenario.

Table 1
Coordinates of leak positions in the experimental setup.

Leak No. Coordinates/m Leak No. Coordinates/m

1 (6.25, 0, 1.25) 5 (4, �1.75, �1.5)
2 (1.5, 1.25, 0.25) 6 (10, �0.75, �2.25)
3 (7, �1.75, �3) 7 (e0.5, 0, �2.25)
4 (7, 1.75, �3) 8 (7.25, 0, 0)

Table 2
Coordinates of the sensor positions in the experimental setup.

Leak No. Coordinates/m Leak No. Coordinates/m

1 (14.25, 2.25, 2.75) 6 (3, �1.25, 2)
2 (5, �2.25, 2.75) 7 (12.5, �2, 3.75)
3 (13.25, 2.75, 3) 8 (e0.25, �4.25, 2)
4 (6.75, �0.75, 3.75) 9 (13.25, 5, 2.75)
5 (9.25, 3.25, 3.75) 10 (12.75, 4, 3)
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Mvce; ðx; y; zÞvce ¼ Fqðc1;/; cT Þ (4)

where Mvce represents the mass of the vapor cloud, ðx; y; zÞvce de-
notes the 3-dimensional coordinates of the vapor cloud centroid, F
represents the prediction model, q denotes the model parameters,
and c1;/; cT represents the concentration series of length T .

In this paper, we consider two types of prediction problems:
fixed-length input and variable-length input (depending on
whether T is fixed or variable). The former is suited for offline
scenarios, and the latter is suited for online scenarios involving the
gradual acquisition of effective input concentration.

3. Method

3.1. Workflow

The workflow for consequence prediction is illustrated in Fig. 2.

A. Collect scenario information, including the gas turbine and the
size of its enclosure. It is important to note that this paper pri-
marily aims to explore scientific methods, so specific details of
the actual system are omitted for simplicity. After setting the
simulation parameters, use FDS software to perform diffusion
simulation calculations.

B. Extract concentration data at sensor locations and preprocess
the data for model training. This includes calculating the
centroid and mass of the vapor cloud and normalizing the data.

C. Determine whether to apply padding operations and add
masking layers based onwhether the input is variable-length or
not.

D. Since the gasmixture is hydrogen-methane, predict the centroid
and mass of the vapor cloud for various gas mixtures. Nine
distinct prediction targets are available.

E. After randomly dividing the dataset, use the training set data to
train the model.

F. Input the test set data into the trained model and evaluate its
accuracy to assess the effectiveness of the method.

3.2. Data preprocessing

Since the concentration sequence is obtained from the diffusion
scenario without a corresponding vapor cloud explosion simula-
tion, we indirectly determine the consequences of the vapor cloud

explosion by calculating the vapor cloud mass and centroid co-
ordinates based on the steady-state concentration.

a. First, calculate the volume fraction based on the grid concen-
tration values.

vf ¼
cRT
rP

(5)

b. Based on the lower and upper explosion limits, filter out the grid
concentration values that meet the explosion conditions, i.e., the
volume fractions greater than or equal to the lower explosion
limit (LEL) and less than or equal to the upper explosion limit
(UEL). Denote the concentration values that meet these condi-
tions as ce.

LEL � ce � UEL; ce2vf (6)

c. Multiply the grid concentration values that meet the conditions
by the grid volumes and sum them up to obtain the vapor cloud
mass.

Mvce ¼
X
e
ceVgrid (7)

d. Calculate the centroid coordinates of the vapor cloud based on
the concentration values and the corresponding coordinate
values that meet the explosion conditions:

x ¼ c1x1 þ c2x2 þ/þ cnxn
c1 þ c2 þ/þ cn

y ¼ c1y1 þ c2y2 þ/þ cnyn
c1 þ c2 þ/þ cn

z ¼ c1z1 þ c2z2 þ/þ cnzn
c1 þ c2 þ/þ cn

c1; c2;/; cn2ce

(8)

where vf is the volume fraction, c is the concentration value, r is the
gas density, R is the ideal gas constant, T is the temperature, P is the
pressure value, ce is the grid concentration value that meets the
explosion conditions, Vgrid is the unit volume of the grid.

e. Given the inherent variability in the calculation results, take the
average values of the vapor cloudmass and centroid coordinates
over the last 10 s of the steady-state concentration sequence as
the target values for the prediction task, as shown in Eq. (9):

Mvce ¼ 1
10

X299
i¼290

MðiÞ
vce

x ¼ 1
10

X299
i¼290

xðiÞ

y ¼ 1
10

X299
i¼290

yðiÞ

z ¼ 1
10

X299
i¼290

zðiÞ

(9)

Fig. 2. Flowchart of the consequence prediction process.
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f. Normalization. After calculating the mass and centroid of the
vapor cloud, the input data and output data should be min-max
normalized. The whole dataset is randomly split into a training
set and a test set with a ratio of 9:1 for subsequent model
training and evaluation.

cnorm ¼ c�minðcÞ
maxðcÞ �minðcÞ

Mnorm ¼ M �minðMÞ
maxðMÞ �minðMÞ

xnorm ¼ x�minðxÞ
maxðxÞ �minðxÞ

ynorm ¼ y�minðyÞ
maxðyÞ �minðyÞ

znorm ¼ z�minðzÞ
maxðzÞ �minðzÞ

(10)

3.3. Consequence prediction model using concentration time series
data

Since the vapor cloud mass and centroid are related to the
steady-state concentration, which is influenced by the initial con-
centration during the leakage phase, this paper employs LSTM to
learn the temporal features of the initial fixed-length concentration
sequence. The LSTM equations are presented in Eq. (11):

ft ¼ s
�
Wf $½ht�1; xt � þ bf

�
it ¼ sðWi$½ht�1; xt � þ bi Þ
~Ct ¼ tanhðWC$½ht�1; xt � þ bC Þ
Ct ¼ ft$Ct�1 þ it$~Ct
ot ¼ sðWo$½ht�1; xt � þ bo Þ
ht ¼ ot$tanhðCtÞ

(11)

where ft is the forget gate at time step t, it is the input gate acti-
vation at time step t, ~Ct is the candidate cell state at time step t, Ct is
the cell state at time step t, ot is the output gate activation at time
step t, ht is the hidden state at time step t, Wf , Wi, Wc, and Wo are
weight matrices, and bf , bi, bC , and bO represent bias terms. ht�1 is
the hidden state from the previous time step, xt is the input at the
current time step, Ct�1 is the cell state from the previous time step,
and s, tanh denote the sigmoid and hyperbolic tangent activation
functions, respectively.

The learned high-dimensional abstract features are then fed into
a FNN to directly predict the outcomes. The schematic diagram of
the fixed-length-input prediction model is shown in Fig. 3(a). For
variable-length inputs, since neural networks require fixed input
shapes, padding operations are applied, specifically zero-padding
the areas without concentration data. In other words, even for
the variable-length input model, the input has a fixed maximum
length. Then, a masking layer is added, which enables the network
to focus on the relevant data while ignoring the zero-padded por-
tions. The schematic diagram of the variable-length-input model
can be seen in Fig. 3(b). The number of neurons in the output layer
of the FNN depends on the mass or centroid position of the vapor

Fig. 3. Schematic diagram of the consequence prediction model: (a) fixed-length input (b) variable-length input.
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cloud formed by different gases. There are nine different prediction
targets in total, as detailed in Table 3.

4. Experiments and Analysis

In this study, the construction, training, and prediction of the
experimental model are implemented using the Python Keras li-
brary 2.4.0 with only CPU. The CPU configuration of the running
platform is Intel(R) Xeon(R) Gold 6242R @ 3.10 GHz. To clearly
demonstrate the selection of hyperparameters, we have summa-
rized the values of hyperparameters used in the experiments, as
shown in Table 4. Since this is a regression task, the evaluation
metric for testing the model is R2, also known as the coefficient of
determination, which measures how well the model fits the
observed data. The value of R2 ranges from 0 to 1, with values closer
to 1 indicating a better fit and values closer to 0 indicating a poorer
fit. The formula for calculating R2 is as follows:

R2 ¼1�

Pn
i¼1

ðyi � byiÞ2
Pn
i¼1

ðyi � yÞ2
(12)

where yi is the i-th target value, byi is the i-th predicted value, y is
the mean of the target value, n is the number of samples.

4.1. Consequence prediction using fixed-length time series data

A 2-s sampling interval was selected as it balances computa-
tional cost with accurately capturing the overall concentration
trend. This study experimented with six different fixed-length
concentration sequences: 15, 30, 40, 50, 60, and 100 s. For
example, the sequence length of 15 s corresponds to data from 0 to
30 s, sampled every 2 s. For each of the nine prediction targets, a
total of 54 experimental tests were conducted. Table 5 presents the
R2 values for each prediction target at different fixed sequence
lengths. The best results for each target are highlighted in bold,
representing the optimal performance. It is evident that when the
sequence length is set to 40 s, the model achieves near-optimal
prediction performance across most targets. However, for shorter

sequences (15 s) and longer sequences (100 s), the model's pre-
dictive performance is significantly lower, indicating less effective
results for these durations.

For the 15-s length, the number of features is minimal, thus
providing the least amount of useful information. Additionally, it is
at the early stage of the leak, far from the steady-state concentra-
tion period, resulting in poor performance. For the 100-s concen-
tration sequence, data features may introduce redundancy,
affecting the model's judgment. Furthermore, LSTM faces chal-
lenges when dealing with very long sequences due to issues such as
vanishing gradients, which can hinder its ability to maintain in-
formation over extended time spans, resulting in poorer prediction
performance for the 100-s sequence.

Regarding different prediction targets, the prediction accuracy
for the vapor cloud mass is better than that for the vapor cloud
centroid coordinates. This is because the model's input is concen-
tration features, and the vapor cloudmass can be calculated directly
from the concentration values. In contrast, predicting the vapor
cloud centroid coordinates also depends on the coordinates of each
grid node, which are not included in the network's input, leading to
less accurate predictions.

In terms of computational cost, slight differences arise due to the
varyingnumberof neurons in the output layer of the neural network
for different prediction targets. Taking the 30-s input model
designed for coordinate prediction as an illustration, it demon-
strates an inference time of 0.3229 s on the test set. The model
comprises 21955 parameters, which amounts to a total of 286 kB in
size. These results demonstrate that the consequence prediction
model proposed in this paper is capable of meeting practical re-
quirements for rapid response and is well-suited for deployment.

4.2. Consequence prediction using variable-length time series data

The variable-length series data are padded to a length of 100.
Considering all possible sequence lengths, a sequence length of 100
expands the total sample size from 89 to 8900. Table 6 shows the R2

results of the variable-length sequence prediction model. It can be
observed that the model performs well and consistently across
different prediction targets.

When comparing the accuracy of the variable-length sequence
prediction model to that of the fixed-length sequence prediction
models, it is found that the accuracy of the variable-length model
is almost always higher than the 15-s and 100-s fixed-length

Table 3
Different prediction targets and corresponding neurons in the output layers.

Target No. Neurons Target description

1 1 Mvce of methane
2 3 ðx; y; zÞvce of methane
3 1 Mvce of hydrogen
4 3 ðx; y; zÞvce of hydrogen
5 2 Mvce of both methane and hydrogen
6 6 ðx; y; zÞvce of both methane and hydrogen
7 4 Mvce and ðx; y; zÞvce of methane
8 4 Mvce and ðx; y; zÞvce of hydrogen
9 8 Mvce and ðx; y; zÞvce of both methane and hydrogen

Table 4
Summary of hyperparameter values.

Hyperparameters Values

Batch size 128
Epochs 500
LSTM units 64
Learning rate 0.001
Loss function Mean squared error
Activation function Sigmoid, tanh
Optimizer Adam

Table 5
Prediction results of different fixed-length inputs across various prediction targets.

Target No. 15 s 30 s 40 s 50 s 60 s 100 s

1 0.894 0.984 0.999 0.997 0.999 0.991
2 0.889 0.917 0.926 0.873 0.859 0.856
3 0.981 0.994 0.984 0.994 0.970 0.991
4 0.874 0.946 0.953 0.906 0.891 0.878
5 0.914 0.979 0.990 0.991 0.992 0.986
6 0.868 0.921 0.923 0.890 0.867 0.876
7 0.889 0.934 0.935 0.943 0.925 0.885
8 0.878 0.941 0.957 0.932 0.925 0.883
9 0.870 0.929 0.944 0.909 0.893 0.882

Table 6
Prediction results of variable-length input across various prediction targets.

Target No. R2 Target No. R2

1 0.967 6 0.979
2 0.979 7 0.974
3 0.979 8 0.978
4 0.979 9 0.976
5 0.973

S. Chen et al. / Chinese Journal of Chemical Engineering 85 (2025) 182e188186



models, but slightly lower than those of the 30-s and 60-s models.
This is because the variable-length model learns the features of
sequences of different lengths during training, thereby also
learning the features of the 30-s and 60-s sequences, which leads
to better results compared to the lower-accuracy fixed-length
sequences. However, because it encompasses features from all
sequence lengths, it has a certain degree of redundancy, making it
slightly less accurate than the higher-accuracy fixed-length
sequences.

Figs. 4 and 5 respectively show the dynamic prediction results of
the vapor cloud mass and centroid position in a single scenario as
the effective length varies until the maximum input length. It can
be seen that in the early stages, due to the limited number of
effective concentration features, the predictions differ significantly
from the true values. However, as the effective length increases, the
predictions gradually approach the true values. This result can
assist decision-makers in performing consequence analysis using
minimal effective concentration information while maintaining
accuracy.

4.3. Impact of the train-test split ratio

The split ratio between the training set and the test set can in-
fluence the accuracy of themodel's performance. In this subsection,
we conducted fixed-length input experiments to test the impact of
three different ratios with a 30-s input: 9:1, 8:2, and 7:3. To parti-
tion the dataset, a 9:1 random split was first applied to create the

training and testing sets. Then, a portion of the training set was
randomly selected and added to the testing set to form an 8:2 split,
and the process was repeated to achieve a 7:3 ratio. This approach
was designed to reduce the randomness in the testing set across
different splits by gradually increasing the size of the testing set,
rather than fully re-randomizing it at each step. The experimental
results are detailed in Table 7. As shown in Table 7, the 9:1 ratio
produced the best results, followed by 8:2, with the 7:3 ratio
yielding the worst performance. The larger training set in the 9:1
ratio allows the model to access more data and gain more oppor-
tunities to learn features from the data, leading to the best per-
formance. However, the differences between the ratios are not
significant, indicating that the model has already captured most of
the features. Additionally, the R2 values in the 7:3 case are mostly
above 0.9, further demonstrating the model's strong generalization
ability.

5. Conclusions

In this paper, we propose a deep learning-based method to
predict themass and centroid location of the vapor cloud explosion.
Eighty-nine different CFD leakage simulations were conducted to
provide experimental data. In this study, deep learning prediction
models were established for both fixed-length sequence inputs and
variable-length sequence inputs, based on various consequence
prediction targets. The experimental results demonstrate the
effectiveness of the proposed method. Additionally, the variable-
length sequence model can adapt to inputs of different effective
lengths for dynamic prediction. Decision-makers can balance the
available sensor data and accuracy to make timely decisions, which
has practical significance.

However, this study has certain limitations that warrant
further investigation: (1) The sensors are strategically placed in
areas where vapor clouds are likely to accumulate, the optimal
number and placement of sensors are not extensively explored.
The current setup may include redundant sensors or overlook the
potential for more efficient configurations that could enhance
prediction accuracy. Future research would focus on effective
feature selection methods to identify the most influential sensors
and determine the minimum number of sensors required for ac-
curate predictions. (2) The study relies entirely on synthetic data
from FDS simulations. While this serves as a reasonable proof-of-
concept, it limits the generalizability of the findings to real-world
scenarios. We intend to incorporate empirical sensor data
from experimental or field studies for a comprehensive case
study or comparative analysis in future work. (3) The proposed
method may not be applicable to sensor failure scenarios that
could occur in practice, potentially disrupting the regular time
series required for LSTM processing. We will explore methods
from the domain of irregular multivariate time series to solve this
problem.

Fig. 4. Mass prediction across different input lengths.

Fig. 5. The predicted trajectory of centroid location.

Table 7
Prediction results for different train-test split ratios.

Target No. 9:1 8:2 7:3

1 0.984 0.968 0.911
2 0.917 0.865 0.901
3 0.994 0.964 0.943
4 0.946 0.930 0.925
5 0.979 0.952 0.923
6 0.921 0.906 0.899
7 0.934 0.888 0.888
8 0.941 0.932 0.941
9 0.929 0.886 0.877
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