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a b s t r a c t

Source term estimation (STE) of hazardous gas leakages in chemical industrial parks (CIPs) is important
for addressing environmental pollution and improving safety and reliability in engineering practice. To
achieve real-time STE, least squares-based STE methods have recently been developed. However, these
methods require the number and locations of potential hazardous gas leakage sources are known as a
priori, which is difficult in many practical scenarios. To address this limitation, we propose a new data-
driven STE approach, which enables the STE to be implemented in real time and applicable to com-
plicated turbulent dispersion scenarios. The linear independent analysis in data science is applied to
historically collected concentration data of a hazardous gas of concern from a network of sensors to
extract the sensor data which represent independent hazardous gas leakage scenarios (IHGLSs). An
appropriate Gaussian model approximation to a high-fidelity computational fluid dynamics (CFD)
model that must be used to represent the hazardous gas leakage scenarios of concern is built, and the
off-line STE of IHGLSs using the approximating Gaussian model is then performed to build the data-
driven STE model. The performance of the proposed approach is evaluated by using data that are
generated by simulating ethane leakage scenarios in a CIP using a CFD model. Results indicate that the
leakage localization accuracy is 100% and the mean relative estimation error for the leakage strength is
6.76%. Moreover, the proposed approach is validated with real data in Prairie Grass field dispersion
experiments, demonstrating the practical applicability of the proposed approach.
© 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

Recently, chemical industrial parks (CIPs) have been rapidly
emerging and developing inmany countries around theworld, and
accidental leakages of hazardous gases in CIPs are becoming an
issue of great concern [1]. Hazardous gas leakages in CIPs can lead
to fire and explosion, casualties, environmental pollution, eco-
nomic losses, and public panic [2]. Therefore, it is necessary to
quickly and accurately estimate the location and strength of haz-
ardous gas leakages. Once this information of hazardous gas
leakages has been determined, decision-makers in the CIP can

promptly take emergency response actions such as air purification,
evacuation, risk assessment, and hazard warnings to address the
risks of hazardous gases to the environment and public safety
[3—5].

Source term estimation (STE) is concerned with estimating the
unknown parameters of the sources of hazardous gas leakages
using different inversion methods from available information of
meteorological conditions, ground geometry, as well as hazardous
gas concentration measurements [6]. The concentration meas-
urements can be from a network of static sensors or mobile
monitoring stations. Based on static-sensor networks, many STE
methods have been developed and can be classified into four main
categories: nonlinear optimization (NO) approaches, machine
learning (ML)-based techniques, data assimilation (DA)
approaches, and least squares (LS) methods.
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Generally, the NO-based STE methods have three critical fac-
tors: sensor measurements, an atmospheric transport and dis-
persion (ATD) model representing the source-sensor relationship,
and an estimating algorithm that uses the sensor measurements
and the ATD model to obtain the STE results [7]. The ATD model is
used to predict the concentrations of leaking hazardous gases at
the locations of the sensors. The predicted concentrations are then
compared with the sensor measurements, and the discrepancies
are used by either an optimization algorithm or a Bayesian infer-
ence algorithm to search and derive the unknown source param-
eters that minimize a cost or likelihood function [8—14]. The
efficiency and accuracy of the forward ATD model greatly affects
the performance of the NO-based STE methods. Therefore, some
ML-based ATD models have been developed and used as the for-
ward ATD models to perform the NO-based STE. The particle
swarm optimization algorithmwas applied to identify the leakage
source parameters with integrated Gaussian-machine learning
networkmodels being the ATDmodels [15]. A ML algorithmmodel
was proposed in Ref. [16] and coupled with Markov chain Monte
Carlomethod to estimate the source terms of pollutants. A forward
ATD model based on radial basis function neural network and
Gaussian model was presented in Ref. [17] and then applied to
determine the leakage source parameters. These can greatly
improve the efficiency and accuracy of ATD model calculations
during the optimization process. Nevertheless, it is still difficult to
achieve real-time STE due to the complexity associated with the
required on-line optimization processes. Furthermore, in the case
of simultaneous leakage from multiple sources, the number of
leakage sources is usually required to be known a priori by existing
methods [18], which may not be fulfilled in many practical
scenarios.

The ML-based techniques aim to use machine learning models,
such as artificial neural networks (ANNs) [19—21], convolutional
neural networks [22—24], attention-based long short-term mem-
ory (LSTM) [25], gated recurrent units [26], LSTM auto-encoder
[27], and LSTM recurrent neural networks [28], to extract useful
knowledge from massively simulated or experimentally collected
data and establish an inverse machine learning model that can
directly use real-time sensor measurements to determine
unknown source parameters. The ML-based STE techniques have
the potential to address the speed and efficiency issues and break
the limits with using physical principle-based ATD models for the
STE. However, the STE results may be poor once the real-time
sensormeasurements are beyond the range of training data [24,29].

To achieve real-time STE, certain studies are delving into the
DA-based STE methods. By assimilating the sensor measurements
into an appropriate ATD model continuously, the DA-based STE
seeks to estimate the strength of the leakage source and predict
the spatio-temporal concentration distribution of hazardous
gases. The DA-based STE can achieve optimization by analyzing
the interactions in the physical field, including spatial and variable
correlations, thereby avoiding complex matrix derivations and
computational processes [30,31]. Therefore, the revised spatio-
temporal distribution of hazardous gas concentrations and rea-
sonable source parameters can be obtained in a relatively real-
time manner. As a kind of sequential DA method, the ensemble
Kalman filter algorithm is easy to be combined with different ATD
models and able to account for uncertainties in STE results [32].
Several studies have verified its superiority in real-time parameter
estimation and forecast correction [31—35]. However, so far,
existing DA-based STE approaches can only deal with the scenarios
of single source leakage with a known location and can, therefore,
still not be applied in practice.

Concurrently, the LS-based STEmethods have been proposed to
facilitate the real-time STE. The LS-based STEmethods assume that

there is a linear relationship between the sensor measurements
and the strengths of hazardous gas leakages [36]. The basic idea is
to use this linear relationship to determine a response matrix that
represents how the sensor measurements are affected by the
strengths of hazardous gas leakages, and to use the response
matrix to estimate the leakage strengths in real time. To apply the
LS-based STE methods, the response matrix should be pre-
determined. Most methods used the ATD model to directly cal-
culate the response matrix [36—40], while the impulse response
method, where the components in the response matrix are
determined using the concentration response for the unit impulse
release of the leakage source at a given location, was suggested in
Refs. [41,42] to address this issue. However, these LS-based STE
methods often cannot be applied in practice as the methods
require the number and locations of possible hazardous gas leak-
age sources are known a priori, but the condition may not be
satisfied in many practical applications. In addition, even if the
condition is satisfied, the response matrix that is determined from
dedicated ATD model simulations or field experiments may not be
applicable in practice. This is because, without properly exploiting
the information of multi-sensor data routinely measured in a CIP,
the response matrix that has been determined may not be repre-
sentative and cannot well describe the relationship between the
strengths of gas leakages and the multi-sensor data in practical
scenarios of concern.

Very recently, a multi-sensor data-driven STE (MSDD-STE)
approach was proposed in Ref. [29], which can potentially address
the problems with the existing LS-based STE methods. The idea is
to offline establish a STE model from historically collected sensor
data measured during a period that cover the situations known as
independent hazardous gas leakage scenarios (IHGLSs) in the CIP
and then online apply the established STE model to process field-
measured sensor data to estimate the strengths of hazardous gas
leakages in real time. Further, a new MSDD-STE approach that can
work over variable wind directions is developed in Ref. [43], where
a radial basis function-based ANN was determined and applied to
represent the inverse of the response function matrix valid over a
range of wind directions. Instead of requiring knowing the number
and locations of possible hazardous gas leakage sources, both
approaches determine this information and then build the STE
models directly from historically collected sensor data, providing a
solution that can be directly relevant to the concerned practical
scenarios and can, therefore, have a better potential of practical
applications. However, the problemwith the methods proposed in
Refs. [29,43] is that they are only applicable in the hazardous gas
leakage scenarios when the Gaussian model can be used as an ATD
model so that the required offline STE can readily be solved.

In order to resolve the limitation with the existing MSDD-STE
approaches, a new method is proposed in the present study. The
idea is to integrate the DA technique into the MSDD-STE frame-
work. This is to find an appropriate Gaussianmodel approximation
to the high-fidelity ATD model such as a computational fluid
dynamics (CFD) model that has to be used to represent the haz-
ardous gas leakage scenarios of concern and then solve the prob-
lem using the MSDD-STE approach. The new idea can extend the
application of the MSDD-STE idea to more complicated hazardous
gas leakage scenarios such as scenarios where turbulent ATD
models have to be used to represent hazardous gas leakage sce-
narios. Comprehensive simulation studies are performed to verify
the effectiveness and robustness and demonstrate potential
practical applications of the new method.

The remainder of this paper is arranged as follows. In Section 2,
the hazardous gas leakage STE problem under turbulent ATD
scenarios in a CIP is described. In Section 3, the new STE method
and corresponding implementation algorithm are proposed.
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Section 4 establishes, based on the CFDmodel-based simulation of
the turbulent ATD scenarios, a concentration database of leaking
hazardous gas for the CIP under study. Section 5 applies the new
STEmethod to the CFDmodel simulation data generated in Section
4 and discusses the STE results that have been achieved. Finally, in
Section 6, conclusions are reached and possible future studies are
summarized.

2. Problem Description

2.1. Turbulent ATD scenarios

As a viscous fluid, the atmosphere has two flow states: laminar
flow and turbulent flow. Normally, the turbulent flow velocity of
the atmosphere is very high. In this case, the atmosphere moves
randomly and irregularly and is in the state of turbulent flow state
with a continuous increase in flow velocity [44,45]. An atmos-
pheric turbulent field is mainly characterized by the irregular and
ever-changing motion of wind flow in a three-dimensional space.
This motion is extremely chaotic and has multi-scale character-
istics, including vortices from tiny scale to larger scale vortex
structures [46].

2.2. STE problem description

Fig. 1 illustrates the STE problem considered under a turbulent
ATD scenario. The terrain of the target area in the present study is
open and flat with few obstacles. In practice, the fringes of the CIP,
i.e., the part of the park bordering the outside area, and the area
reserved for the development of the park are mostly flat and with
few obstacles and can therefore be represented by the leakage
scenarios considered in this study. The problem assumes there are
N potential hazardous gas leakage sourceswith known locations in
the target area of a CIP. M sensors are deployed at M different
locations in the target area for the purpose of STE. The

meteorological condition in terms of wind direction and wind
speed is assumed to be known and fixed. A basic assumption of the
proposed approach is that the historically collected sensor data
can cover IHGLSs of concern. From the practical application per-
spective, this assumption implies.

(1) There exist regular hazardous gas leakages in a CIP.
(2) Sufficient historical sensor data can be collected from the

CIP such that the data can cover the IHGLSs of concern.

According to Refs. [29,38], (1) is the case in many practical
scenarios and this is why regular monitoring is often conducted by
local governments to make sure overall hazardous gas leakages do
not exceed the allowed limit otherwise fines will be imposed [36].
(2) can, in principle, be satisfied if a sufficiently long time is
allowed to collect sensor data. This is because the sensor data thus
collected will cover all regular hazardous gas leakage scenarios
hence the IHGLSs of interest. The proposed approach does not
require data from numerous accident cases, including both pol-
lutant concentrations and corresponding leakage strengths, to
construct the response matrix under various working conditions.
For example, if there are 10 sources releasing hazardous gas, only
10 sets of sensor data representing 10 IHGLSs need to be extracted
from the historical data to determine the response matrix.

H > M sets of sensor measurements have been collected over a
period, and these data can cover the scenarios where there exist
hazardous gas leakages from n actual leakage sources with n ≤ N.
Assume that the hazardous gas dispersion from the n actual
sources can be detected by m sensors with 4n ≤ m ≤ M to ensure
that there exist sufficient sensormeasurements that can be used to
determine 4n source parameters including 3n parameters for
source locations and n parameters for leakage strengths. In addi-
tion, among the H sets of sensor data, n sets of data cover n IHGLSs
as defined in Ref. [29], which can be satisfied by taking a sufficient
time for the data collection.

Fig. 1. An illustration of the STE problem under a turbulent ATD scenario.
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For non-reactive hazardous gases, the total concentration at a
location of CIP can be described by the summation of the con-
centrations produced by individual sources of hazardous gas [36],
expressed by Eq. (1).

c=Aq (1)

where c = [c1; c2;⋯; cm]
Τ represents the measurements of the

m sensors, q = [q1; q2;⋯; qn]
Τ represents the strengths of the n

hazardous gas leakage sources, A = [a1;a2;⋯;an] is what is
referred to as the response matrix [37], where aj =
[a1;j; a2;j;⋯; am;j]

Τ, j = 1;2;⋯;n with ai;j (i = 1;2;⋯;m, j = 1;2;⋯;

n) representing how the ith sensor measurement is affected by the
strength of the jth leakage source.

The data-driven STE under a turbulent ATD scenario is con-
cerned with off-line STE model building and on-line application of
the STE model for real-time STE. The off-line STE model building
involves (I) determining the number n of IHGLSs from the H sets of
historically collected sensor data, (II) finding the sensor data col-
lected from each of the n IHGLSs, and (III) determining the STE
results for each IHGLS using the sensor data obtained in (II),
including the locations and strengths of n actual hazardous gas
leakage sources. The on-line application is to estimate q in real
time using the off-line determined STE model and online-
measured c. If the estimated q exceeds the allowed limits, the
leaking hazardous gases will cause serious harm to the sur-
rounding environment and local residents and the decision-
makers in the CIP should take corresponding emergency
response actions to minimize the losses.

3. STE of Hazardous Gas Leakages under Turbulent ATD
Scenarios

3.1. Data pre-processing

Generally, the time-series concentration data of leaking haz-
ardous gases recorded by sensors in a CIP show strong fluctuations
due to turbulent flow. This will increase the difficulties in off-line
STE model building and affect the final STE result. Therefore, the
raw concentration data are first smoothed by the wavelet
threshold de-noising algorithm [47]. Then, the average of the
smoothed concentration data over a period when the concen-
tration values have achieved the steady state is taken, and the
average value belowa certain threshold (1.00× 10− 6 kg·m− 3) is set
to 0 to simulate a more realistic situation.

3.2. Gaussian plume model approximation

3.2.1. CFD modelling
The CFD modelling has now been developed into a mature

technology and applied in various fields such as chemical spills,
fire, and explosions. In this study, an open-source code, namely
FDS, is used to perform CFDmodelling and simulate the hazardous
gas dispersion under turbulent scenarios. The FDS is created by
National Institute of Standards and Technology [48,49].

The FDS allows a large eddy simulation (LES) and even direct
numerical simulation (DNS), and is not based on a Reynolds
average Navier-Stokes formulation [49]. In this study, the LES is
used for turbulence over grids and the Deardorff turbulent vis-
cosity model [50] is used for in-grid vortex. The LES is based on
averaging, but instead of averaging all turbulence, only turbulent
motions smaller than a given size (e.g., the cell size of the com-
putational grid) are averaged, while any turbulence that can be
resolved on the grid is simulated directly [46].

In the present study, the concentrations of leaking hazardous
gases at different locations of concern are needed. The procedure
for generating the concentration data using FDS is summarized as
follows.

Step (i) Build a 3D geometric model of the target area in the CIP
of concern using FDS.

Step (ii) Mesh the computational domain after grid independ-
ence analysis.

Step (iii) Initialize main simulation parameters (e.g., source loca-
tion, leakage strength, wind speed and direction, simu-
lation step and time, type of hazardous gas, etc.) and
boundary conditions.

Step (iv) Start simulating the considered hazardous gas leakage
scenario using FDS and export the concentration data of
hazardous gases across mesh grids of concern at each
time point of the simulation. Fig. 7 shows, for example,
the simulated evolution of the concentration of ethane
with time at a grid point for a scenario in a CIP with
relevant parameters given in Section 4.

3.2.2. Gaussian plume model
Gaussian plume models are widely used for gas leakage and

dispersion because it is simple and efficient and can be used for
iterative calculations [51]. Under the assumption of spatially
homogenous flow over the flat terrain, the general expression for
the Gaussian plume model is given as [52]

c(x; y; z) =
q

2πvϕyϕz
exp

[

−
(y − y0)

2

2ϕ2y

]{

exp

[

−
(z − z0)

2

2ϕ2z

]

+ exp

[

−
(z+ z0)

2

2ϕ2z

]}

(2)

where c(x; y; z), in kg·m− 3, is the concentration of leaking haz-
ardous gases at (x; y; z), in m; q, in kg·s− 1, is the strength of a
hazardous gas leakage source; v, in m·s− 1, is the uniform wind
speed at the height of z, in m; y0 and z0, in m, are the coordinates of
the leakage source in the crosswind and vertical directions,
respectively, and ϕy and ϕz, in m, represent the standard deviations
of a statistically normal plume in the crosswind and vertical
directions, respectively, which are functions of the downstream
distance between the leakage source and the sensor and come in
various forms. In this study, the power-law functions for ϕy and ϕz
suggested in Ref. [53] are adopted as

ϕy=α1(x − x0)
α2 (3)

ϕz=α3(x − x0)
α4 (4)

where x0, in m, is the coordinate of the leakage source in the
downwind direction, and α1, α2, α3, and α4 are dispersion coef-
ficients, which are related to atmospheric stability classes (ASCs)
and terrain types.

3.2.3. Dispersion coefficients optimization for approximating CFD
simulated concentration data using a Gaussian plume model

As the terrain of the target area in the present study is open and
flat with few obstacles, the Gaussian plume model (2) can be used
to approximately represent the source-receptor relationship of
FDS [51]. This can be achieved by optimizing the dispersion coef-
ficients as defined in Eqs. (3) and (4) using FDS simulated con-
centration data. In an ASC of concern, the FDS simulations cover
different strengths for every one of theN potential leakage sources.
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An optimization code can then be used to obtain optimum
numerical values of the dispersion parameters that can be used in
Gaussian plume models. This allows for quick estimations of
hazardous gas dispersion without excessively sacrificing the
accuracy of the results.

The dispersion coefficients are optimized by minimizing the
sum of squared deviations of the concentration data between the
Gaussian plume model and the FDS model, expressed as

α̂j = arg min
∑b

i=1

(
cFDS;i;j − cGau;i;j(α)

)2
; j = 1;2;⋯; J (5)

where b is the number of concentration sampling locations,
satisfying b≫m to ensure high modelling accuracy, J is the
number of simulated scenarios, cFDS;i;j and cGau;i;j are the con-
centrations simulated by the FDS and predicted by the Gaussian
plume model, respectively, at the ith concentration sampling
location in the jth simulated scenario, α = [α1;α2;α3;α4]

Τ, and
α̂j = [α̂1;j; α̂2;j; α̂3;j; α̂4;j]

Τ represent the optimization results of
dispersion coefficients in the jth scenario.

Because of the effect of turbulence, the solutions to the four
dispersion coefficients in the J scenarios are all different. There-
fore, the average of the optimization results in the J cases is taken
as the result, where α = [α1;α2;α3;α4]

Τ.

α=
1
J

∑J

j=1

α̂j (6)

3.3. Approximating Gaussian plume model-based data-driven STE

The concept of IHGLSs was introduced in Ref. [29], representing
linearly independent hazardous gas leakage scenarios. When there
are n actual hazardous gas leakage sources, there exist only n
leakage scenarios that are linearly independent, i.e., there are n
IHGLSs.

Denote ~Q = [~q1; ~q2; ⋯; ~qn], where ~qj = [~q1;j; ~q2;j;⋯; ~qn;j]
Τ

(j= 1;2;⋯;n) represent the strengths of hazardous gas leakages in
the jth of the n IHGLSs, and denote ~C = [~c1; ~c2;⋯;~cn], where ~cj =

[~c1;j;~c2;j;⋯;~cm;j]
Τ
(j= 1;2;⋯;n) represent the corresponding sen-

sor measurements in the jth of the n IHGLSs. It is known from Eq.
(1) that

~C = A~Q (7)

Since the n column vectors in square matrix ~Q , that is,
[~q1;j; ~q2;j;⋯; ~qn;j]

Τ, j = 1; 2; ⋯; n, are linearly independent, the

inverse of matrix ~Q , i.e., ~Q
− 1
, exists. Therefore, the responsematrix

A can be obtained as

A = ~C ~Q
− 1

(8)

Mathematically, Eq. (1) is uniquely solvable if and only if A has a
column rank [54]

rank(A) = n (9)

When the number of sensors is not less than that of potential
hazardous gas leakage sources, condition (9) is satisfied, and the
STE problem (1) is traceable. The leakage strengths of all n sources
can be estimated from multi-sensor measurements by the least
squares method, which minimizes the summation of squares of
estimation error as

q̂ = arg min
q

‖c − Aq‖ (10)

Singular value decomposition (SVD) is used to solve Eq. (10).
The SVD of A is the factorization

A=UDVΤ (11)

where U∈ℝm×m and V∈ℝn×n are unitary, and D =

[
Σ

0

]

∈ℝm×n,

where Σ = diag(σ1; σ2;⋯; σn) with σi, i = 1;2;⋯;n being non-zero
singular values and satisfying σ1 ≥ σ1 ≥ ⋯ ≥ σn >0. Then, the LS
estimation of leakage strengths can be obtained as

q̂=VΣ− 1UΤ
1c (12)

where U1 is the first n columns of U, that is, U1 = U(:; [1 : n]).
However, the response matrix A is often ill-posed in practice so

that the solution (12) is sensitive to even tiny errors in c and
becomes unstable. To quantitatively analyzewhether the response
matrix A is ill-posed or not, the spectral condition number is
introduced as

κ2(A)=
σmax

σmin
(13)

where σmax and σmin are the maximum and minimum singular
values, respectively. It is known from Eq. (13) that a very small σmin
can lead to a very large condition number, which makes the
response matrix A be ill-posed. Therefore, the singular value
shrinkage operator (SVSO) simply applying a soft-threshold rule
[55] is introduced to the singular values σi, i = 1;2;⋯;n to shrink
these toward zero. For each τ ≥ 0, the SVSO Θτ is defined as

Θτ(Σ)=diag
(
{σi − τ}+

)
; i=1;2;⋯;n (14)

where {σi − τ}+ = max{0; σi − τ}, i = 1; 2; ⋯; n. If some of the
singular values of A are below the threshold τ, they will be
excluded, thereby leading to a lower rank and condition number of
A and improving the stability of the LS solution (12).

Consequently, Eq. (12) is implemented as

q̂= ~V ~Σ
− 1 ~U

Τ
c (15)

where ~V = V(:; [1 : n*]) with n* being the number of retrained
singular values after introducing the SVSO, ~Σ = diag(σ1;⋯; σn* ),
and ~U = U(:; [1 : n*]). Eq. (15) is what is known as the data-driven
STE model.

Consequently, performing the data-driven STE requires the
following steps.

(a) Find the number of actual leakage sources n.
(b) Find the n IHGLSs and corresponding sensor measurements

~cj, j = 1;2;⋯;n
(c) Determine the strengths of the n leakage sources in the n

IHGLSs ~qj, j = 1;2;⋯;n.

(d) Determine the response matrix A and then determine ~V , ~Σ,
and ~U.

(e) Estimate q in real time for any scenario of concern from
online-measured sensor data c using Eq. (15).

The implementation of Step (c) needs a forward ATD model.
However, it is extremely difficult to implement Step (c) by
directly using the FDS-based CFD model as the forward ATD
model. This is because of the need to store the transient wind
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fields for all time steps in order to run backward time-stepping
simulations using the FDS model, which requires impractically
large size of storage space given the small time steps and high
grid resolution in the LES method. Therefore, the approximating
Gaussian plume model with the dispersion parameters optimized
for the same ASC as covered in the IHGLSs is proposed in the
present study. To solve the problem, the approximating Gaussian
plume model is used as the forward ATD model to predict con-
centrations at the locations of sensors. The predicted concen-
trations are then compared with the sensor measurements
~cj(j= 1;2;⋯;n) in each IHGLS, and the discrepancies are used by
a well-established optimization algorithm to search and derive
the locations and strengths of hazardous gas leakages that min-
imize a cost function:

f = arg min
∑m

k=1

(

~ck;j − cGau;k;j

(
(
x1;j; y1;j; z1;j

)
; ~q1;j;⋯;

(
xn;j; yn;j; zn;j

)
; ~qn;j

))2

; j = 1;2;⋯;n (16)

where the subscripts j and k represent the serial numbers of
the IHGLS and the sensor, respectively, (xi;j; yi;j; zi;j)
(i= 1;2;⋯;n; j= 1;2;⋯;n) representing the location of the ith
source in the jth IHGLS, and cGau is the concentration predicted
by the approximating Gaussian plume model. Since there are a
total of 4n undetermined source parameters including 3n
parameters for source locations and n parameters for leakage
strengths in each IHGLS as expressed by Eq. (16), at least 4n
sensor measurements are required to make the STE problem
(16) traceable [54]. If the number of sensor measurements m
is less than 4n, the STE problem (16) will be partially traceable
[36].

3.4. Implementation algorithm

The overall framework of the proposedmethod is shown in Fig. 2.
As shown in Fig. 2, threemain steps are used for data-driven STE: (A)
Gaussian plume model approximation, (B) data-driven STE model
building, and (C) real-time application of the STE model.

(A) Gaussian plume model approximation: This step includes
(A.1) FDS-based modelling of hazardous gas leakage scenar-
ios, (A.2) data pre-processing, and (A.3) Gaussian plume
approximatingmodel building. Through Steps (A.1) and (A.2),
the concentration data in each of the J cases are obtained.
In terms Step (A.3), a well-established optimization algo-
rithm, e.g., covariance matrix adaptive evolution strategy
(CMA-ES) [56], is applied to solve the optimization problem
(5) fromtheobtained concentrationdata in eachof the J cases.

This yields an optimal solution α̂
*
j = [α̂

*
1;j; α̂

*
2;j; α̂

*
3;j; α̂

*
4;j]

Τ
.

Then, taking the average of α̂
*
j , j = 1;2;⋯; J yields α* =

[α*1;α
*
2;α

*
3;α

*
4]

Τ
.

(B) Data-driven STE model building: This step includes (B.1)
historical sensor data collection over a sufficiently long time,
(B.2) data pre-processing, (B.3) sensor data clustering and
analysis, (B.4) off-line STE, and (B.5) singular value shrink-

age. Through Steps (B.1) and (B.2), H sets of sensor data [cj1;

cj2;⋯;cjm], j = 1;2;⋯;H are obtained. In terms Step (B.3), the
K-means clustering algorithm is firstly applied to the H sets
of sensor data to divide the data into P clusters covering P
different hazardous gas leakage scenarios with

[
cj1(p); c

j
2(p);⋯; cjm(p)

]
; j=1;2;⋯; g(p);p=1;2;⋯; P (17)

Fig. 2. The framework of the proposed data-driven STE under turbulent ATD scenarios.
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∑P

p=1

g(p)=H (18)

Then, generate P sets of representative sensor measurements with
and each of the P sets of sensor measurements representing one
hazardous gas leakage scenario of concern.

[c1(p); c2(p);⋯; cm(p)]; p=1;2;⋯; P (19)

ci(p)=
1

g(p)

∑g(p)

j=1

cji(p); i = 1;2;⋯;m (20)

Subsequently, singular value decomposition (SVD) and QR
decomposition with column pivoting (QRDCP) are applied to
matrix Ξ = [c1; c2; ⋯; cm], where cj = [cj(1); cj(2);⋯; cj(P)]

Τ, to
determine the number of actual hazardous gas leakage sources, i.e.,
n, and n sets of sensor measurements that cover n IHGLSs [29,43].
[
c*1;j; c

*
2;j;⋯; c*m;j

]Τ
; j=1;2;⋯;n (21)

In terms Step (B.4), the approximating Gaussian plume model
with the dispersionparameters optimized for the sameASC as in the
n IHGLSs is used as the forward ATDmodel since the approximating
model is different in different ASCs, and the CMA-ES strategy is then
applied to solve the optimization problem (16) from each of the n
sets of sensor data obtained in Step (B.3) producing
(
x̂i;j; ŷi;j; ẑi;j

)
; i=1;2;⋯;n; j=1;2;⋯;n (22)

and
[
q*1;j; q

*
2;j;⋯; q*n;j

]Τ
; j=1;2;⋯;n (23)

with (x̂i;j; ŷi;j; ẑi;j) representing the estimated location of the ith

source in the jth IHGLS and [q*1;j; q
*
2;j;⋯; q*n;j]

Τ representing the

estimated strengths of hazardous gas leakages in the jth IHGLS.
Then, the average values of estimated source locations for the n
IHGLSs are taken as the results.

1
n

⎛

⎝
∑n

j=1

x̂i;j;
∑n

j=1

ŷi;j;
∑n

j=1

ẑi;j

⎞

⎠; i=1;2;⋯;n (24)

In terms Step (B.5), with the obtained results

C
*
=
[
c*1; c

*
2;⋯; c*n

]
(25)

where c*j = [c*1;j; c
*
2;j;⋯; c*m;j]

Τ
, j = 1;2;⋯;n, and

Q* =
[
q*1;q

*
2;⋯;q*n

]
(26)

where q*j = [q*1;j; q
*
2;j;⋯;q*n;j]

Τ, j = 1; 2;⋯; n, the response matrix

can be determined as

A = C
*
Q*− 1 (27)

Applying the SVD to matrix A following Eq. (11) yields U, V, and Σ.
Applying the SVSO tomatrixΣ following Eq. (14) yields n*. Then, ~V ,
~Σ, and ~U can be determined as ~V = V(:; [1 : n*]), ~Σ =

diag(σ1;⋯; σn* ), and ~U = U(:; [1 : n*]), respectively.
(C) Real-time application of the STEmodel: The data-driven STE

model (15) is built using ~V , ~Σ, and ~U that are obtained in Step (B.5).

q̂ is finally determined using the STE model (15) and the online-
measured c. In principle, for each wind direction, one STE model
needs to be built using the proposed approach. The variation in
wind speed can be accommodated using the same model so can
readily be addressed. To deal with variable wind directions,
numerous STE models can be built with each model covering the
area of a sector. Thus, the proposed approach can be extended to
deal with practical scenarios with different wind speeds and
directions. This has been demonstrated in our previous work [43].
To implement Step (C), it is the data-driven STE model corre-
sponding to the on-line meteorological condition that is needed. If
themeteorological conditions such as wind directions change over
a considerable range, the new data-driven STE approach that
enables the incorporation of variable wind directions into the
data-driven STE framework can be used to solve the problem [43],
provided that along the new wind direction, the fundamental
assumption that the hazardous gas dispersion from the n haz-
ardous gas leakage sources can be detected bym sensors with 4n ≤

m satisfied.
In practical applications, to ensure the performance of the

resulting response matrix, a STE model validation procedure can
be used, which is summarized below.

(1) When determining the average concentration data for each
cluster using Eq. (20), the sensor data in each cluster are
segmented into STE model training data and STE model
validation data. The averages of the STE model training data
for all the clusters are used to first produce matrix Ξ = [c1;

c2;⋯;cm], then [c*1;j; c
*
2;j;⋯; c*m;j]

Τ
; j = 1;2;⋯;n, and then off-

line STE results q*j = [q*1;j;q
*
2;j;⋯;q*n;j]

Τ
(j = 1; 2; ⋯; n), and

finally the estimated response matrix A using Eq. (27).
(2) The averages of the STE model validation data for the clus-

ters which cover the IHGLS, denoted by cvj; j = 1;⋯;n, are
used to validate the performance of the estimated response
matrix as follows:

(i) Determine ĉvj = Aq*j (j = 1;2;⋯;n)

(ii) Evaluate the difference between cvj; j = 1;⋯;n and

ĉvj; j = 1;⋯;n as follows

Re =

∑n

j=1

⃦
⃦cvj − ĉvj

⃦
⃦

n
(28)

(iii) Use the result of Eq.(28) to evaluate the performance of the
resulting response matrix.

Fig. 3. Layout of the target area in the CIP.
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In the present study, the performance of the determined
response matrix has been validated by the online STE results in
Table 8.

The proposed method as implemented using the above Steps
(A)− (C) has the following advantages.

• No requirement to know the number and locations of actual
hazardous gas leakage sources.

• Extend the basic data-driven STE approach to more practical
scenarios where there exists turbulent flow.

4. CFD Simulation

4.1. Layout of the CIP under study

Consider a real CIP in Shanghai, China, with the size of a target
area prone to hazardous gas leakages being 500 m (Length) ×

260 m (Width) × 20 m (Height). A map of the target area is
illustrated in Fig. 3, where the original point of the coordinate
system is marked as a blue triangle. As shown in Fig. 3, there are
three potential hazardous gas leakage sources L1, L2, and L3 in the
target area, which are represented by blue pentagrams. In the
present study, only storage tanks are selected as the potential
leaking sources. Hazardous gas leakages from components such as
valves or pipelines are not considered, which will be the focus of
future studies. Assume that the wind direction is fixed and along
the direction of positive X axis. 18 sensors represented by blue
circles are deployed in the area to monitor the leaking hazardous

gases. The coordinates of the 3 potential hazardous gas leakage
sources and the 18 sensors are listed in Table 1.

4.2. FDS configuration

A box-shaped computational domainwith the size being 500m
(X) × 260 m (Y) × 20 m (Z) is established in the FDS. The leakage
source is represented by a square nozzle with a constant jet. The
gas leakage strength is chosen empirically from 0 to 1.5 kg·s− 1,
which basically covers representative small and medium hole
leakage scenarios in the CIP. Ethane is selected as the leaking
hazardous gas. Each ethane leakage starts at the 60th secondwhen
the wind flow covers the computational domain completely, and
lasts for 270 s until the end of simulation. The simulation time step
is 1 s. The wind speed at the height of 10 m is 3.5 m·s− 1. The
vertical wind profile is set through the built-in “RAMP” function.
The ASC in the target area is ‘F’. In FDS, the aerodynamic roughness
parameter characterizes the terrain type. In the present study, the
aerodynamic roughness is set to 0.03, representing an open

Table 1
Coordinates of 3 potential hazardous gas leakage sources and 18 sensors.

Source & sensor Coordinate/m Sensor Coordinate/m

Source L1 (39.00, 75.00, 10.00) Sensor 9 (230.00, 245.50, 10.00)
Source L2 (115.00, 157.00, 10.00) Sensor 10 (280.00, 70.00, 10.00)
Source L3 (115.00, 243.00, 10.00) Sensor 11 (280.00, 75.00, 10.00)
Sensor 1 (180.00, 75.00, 10.00) Sensor 12 (280.00, 80.00, 10.00)
Sensor 2 (180.00, 157.00, 10.00) Sensor 13 (280.00, 152.00, 10.00)
Sensor 3 (180.00, 243.00, 10.00) Sensor 14 (280.00, 157.00, 10.00)
Sensor 4 (230.00, 72.50, 10.00) Sensor 15 (280.00, 162.00, 10.00)
Sensor 5 (230.00, 77.50, 10.00) Sensor 16 (280.00, 238.00, 10.00)
Sensor 6 (230.00, 154.50, 10.00) Sensor 17 (280.00, 243.00, 10.00)
Sensor 7 (230.00, 159.50, 10.00) Sensor 18 (280.00, 248.00, 10.00)
Sensor 8 (230.00, 240.50, 10.00)

Fig. 4. Comparison between experimental data and FDS simulation data. (a) Sensors IX. (b) Sensor XII.

Fig. 5. Grid independence analysis.
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terrain. The pressure, temperature, humidity, and other meteoro-
logical parameters are set to default parameters. For the boundary
conditions, the bottom face of the domain is set to “Ground” and
all other faces are set to “OPEN”.

4.3. Model validation and grid independence analysis

To ensure the reliability of the FDS model in numerical simu-
lations of hazardous gas dispersion, the FDS model is validated
using experimental data on hydrogen leakage in a scale fuel cell
vehicle garage [57]. In the experiment, helium leaking from a
standard 40 L helium bottle was used as a hydrogen surrogate for
safety reasons. The gas flow condition was completely dependent
on the natural air currents. 12 Sensors were deployed on the
ceiling of the garage model to measure helium concentrations at
12 different locations. The comparison between the numerical
simulation results and the experimental results at the locations of
sensors IX and XII is presented in Fig. 4, where the ordinate is the
volume fraction of helium. The comparison results demonstrate
the effectiveness of the FDS model in accurately predicting the
hydrogen dispersion in the scaled hydrogen fuel cell vehicle
garage. Additionally, since the validity of FDS for hazardous gas
leakage and dispersion has been verified in Refs. [23,24,27,51], it is
expected that the FDS model for simulating ethane leakage sce-
narios in the target area would also be representative.

FDS only supports structured cuboid grids [58]. To investigate
the effect of grid size on the ethane dispersion, the grid size is set
to 0.25m, 0.5 m,1m, and 2m, respectively. Sensor 14 is selected to
record simulated ethane concentrations when the strengths of the
leakage source L2 is set to 0.2 kg·s− 1. Corresponding results are
shown in Fig. 5. It shows that the concentration time-series tend to
stabilize with increasing simulation time for all grid sizes. In
addition, the results from the 0.5 m grid deviate significantly from
those of the 1 m and 2 m grids but deviate less significantly from
those of the 0.25 m grid. To balance the calculation accuracy and
time, the 0.5 m grid is chosen for further simulations.

Fig. 6. A top view of the simulated transient: (a) concentration and (b) turbulent flow fields at the 275th second over the spatial plane of Z = 10 m.

Fig. 7. Comparisons between the raw and smoothed ethane time-series concentration
data.

Table 2
The locations and strengths of ethane leakages for the scenarios that are used for
Gaussian plume approximation model building and validation.

Modelling
scenario No.

Leakage
source

Leakage
strength
/kg·s− 1

Test
scenario No.

Leakage
source

Leakage
strength
/kg·s− 1

1 L2 0.10 1 L1 0.30
2 L2 0.20 2 L1 0.60
3 L2 0.40 3 L1 0.90
4 L2 0.50 4 L1 1.20
5 L2 0.70 5 L1 1.50
6 L2 0.80 6 L2 0.30
7 L2 1.00 7 L2 0.60
8 L2 1.10 8 L2 0.90
9 L2 1.30 9 L2 1.20
10 L2 1.40 10 L2 1.50

11 L3 0.30
12 L3 0.60
13 L3 0.90
14 L3 1.20
15 L3 1.50

Table 3
Coordinates of 180 spatial locations for recording ethane concentration data
simulated by FDS.

X coordinate/m Y coordinate/m Z coordinate/m

60 locations for
recording ethane
concentrations
from source L1

165 [71.5: 0.5: 78.5] 10
215 [68: 1: 82] 10
265 [64.5: 1.5: 85.5] 10
315 [61: 2: 89] 10

60 locations for
recording ethane
concentrations
from source L2

165 [153.5: 0.5: 160.5] 10
215 [150: 1: 164] 10
265 [146.5: 1.5: 167.5] 10
315 [143: 2: 171] 10

60 locations for
recording ethane
concentrations
from source L3

165 [239.5: 0.5: 246.5] 10
215 [236: 1: 250] 10
265 [232.5: 1.5: 253.5] 10
315 [229: 2: 257] 10
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4.4. Simulated ethane leakage scenarios under turbulent flow

Different ethane leakage scenarios are simulated by varying the
source location (L1− L3) and the leakage strength (0− 1.50 kg·s− 1).
The ethane leakage takes place only fromone of the three potential
sources in each scenario. For the present study needs, a total of 145
scenarios are simulated, including 10 scenarios for Gaussian plume
approximation modelling, 15 scenarios for Gaussian plume
approximation model validation, 40 scenarios for data-driven STE
modelling, 40 scenarios for STE model test, and 40 scenarios for
STE model robustness investigation. In terms of Gaussian plume
approximation model building and validation, the locations and
strengths of ethane leakages in each of the 25 scenarios are shown
in Table 2. Since a large number of simulated ethane concentration
data are needed to approximate the Gaussian plume model, 180
spatial locations with coordinates listed in Table 3 are selected as
concentration sampling points to record ethane concentration
data. In terms of data-driven STE modelling, the locations and
strengths of ethane leakages in each of the 40 scenarios are shown
in Table 4.

Fig. 6 shows a top view of the simulated transient concen-
tration and turbulent flow fields, respectively, over the spatial
plane of Z = 10 m, when the strength of the leakage source L2 is
0.2 kg·s− 1. Correspondingly, the time-series concentrations
monitored by sensor 14 are shown in Fig. 7. Fig. 7 also shows a
comparison between the raw and smoothed concentration data.
As shown in Fig. 7, the data oscillations due to turbulent flow are
smoothed while preserving the key treads of the curve. Moreover,
the ethane dispersion can be divided into three stages. The ethane
concentration is zero in Stage 1 as no ethane is detected by sensor
due to the long distance between the sensor and leakage source.
The ethane concentration increases promptly in Stage 2 and rea-
ches a certain steady level in Stage 3. Consequently, the average of
the concentration data from the 150th to the 330th second in Stage
3 is taken as the sensor measurement.

4.5. Hardware and platform

The FDS package (version 6) is laughed on a server with Intel (R)
Gold 6242R CPU @ 3.10 GHz to generate a simulated ethane con-
centration dataset. It takes about 188 h to simulate all needed
scenarios. The algorithmof the proposed approach is implemented
via MATLAB 2020a on a workstation with Intel (R) Xeon (R)
E− 2236 CPU @ 3.40 GHz.

5. Results and Discussion

The estimation accuracy of the strengths of ethane leakages is
measured by the mean relative error (MRE) and the mean absolute
error (MAE), which are derived from Eqs. (29) and (30),
respectively.

MRE=
1
s

∑s

i=1

⃦
⃦q(i) − q̂(i)⃦⃦

2⃦
⃦q(i)

⃦
⃦
2

× 100% (29)

MAE=
1
s·n

∑s

i=1

∑n

j=1

⃒
⃒
⃒q(i)j − q̂(i)j

⃒
⃒
⃒ (30)

where s is the number of test scenarios, q(i) and q̂(i) represent the
vectors of real and estimated ethane leakage strengths, respec-

tively, in the ith test scenario, and q(i)j and q̂(i)j represent the real

and estimated leakage strengths of the jth source, respectively, in
the ith test scenario.

5.1. Results of data-driven STE under turbulent ATD scenarios

The details and results obtained in each of the three steps of the
proposed data-driven STE approach for ethane leakages under
turbulent ATD scenarios are as follows.

Table 4
The locations and strengths of ethane leakages in each of the 40 scenarios that are
used to generate historical sensor data for data-driven STE modelling.

Scenario
No.

Leakage
source

Leakage
strength
/kg·s− 1

Scenario
No.

Leakage
source

Leakage
strength
/kg·s− 1

1 L1 0.36 21 L3 1.46
2 L2 0.20 22 L1 1.37
3 L3 1.48 23 L2 1.12
4 L1 0.34 24 L3 0.34
5 L2 0.36 25 L1 0.44
6 L3 0.07 26 L2 0.07
7 L1 0.75 27 L3 0.33
8 L2 0.82 28 L1 0.61
9 L3 0.09 29 L2 0.51
10 L1 0.88 30 L3 1.27
11 L2 1.42 31 L1 1.46
12 L3 0.70 32 L2 0.7
13 L1 0.99 33 L3 0.47
14 L2 1.11 34 L1 0.70
15 L3 0.75 35 L2 1.34
16 L1 0.50 36 L3 1.24
17 L2 1.26 37 L1 0.36
18 L3 0.49 38 L2 0.05
19 L1 1.27 39 L3 0.33
20 L2 0.05 40 L1 0.70

Table 5
Optimal dispersion coefficients of the Gaussian plume model for ethane dispersion
in the ASC ‘F’.

Dispersion coefficients α1 α2 α3 α4

Optimal result 0.4523 0.4839 0.1566 0.4940

Fig. 8. Comparisons between the concentrations predicted by the approximating
Gaussian plume approximation model and the concentrations simulated by FDS.

Table 6
Evaluation indicators of the approximating Gaussian plume model.

Evaluation indicator R2 FAC2 FB NMSE

Value 0.9326 0.9889 − 0.0007 0.0625
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Step (A): CMA-ES is used to search for an optimal solution to the
dispersion coefficients of Gaussian plumemodel. Main parameters
of the CMA-ES are set as follows. The initial step size is 0.3. The
population size and parent number are 300 and 150, respectively.
The initial values of four dispersion parameters are uniformly
distributed between 0 and 1. The number of stopping iterations is
1000. For ASC ‘F’, the optimal dispersion parameters of the Gaus-
sian plume model for ethane dispersion are obtained as shown in
Table 5.

The performance of the approximating Gaussian plume model
is evaluated by the gap between the predicted and observed values
on the test concentration dataset, with a small gap indicating a
good performance of the model. Fig. 8 shows a comparison
between the concentrations predicted by the approximating
Gaussian plumemodel and the concentrations simulated by FDS. It
shows that the predicted concentrations are in good agreement
with the observed concentrations. Several statistics are used to
quantify the performance of the approximating Gaussian plume
model [59]. These statistics are the R square (R2) given by

R2 = 1 −

∑r

i=1

(
co;i − cp;i

)2

∑r

i=1

(
co;i − cp

)2
(31)

the fraction of predictions within a factor of two of observations
(FAC2) given by

FAC2 =

∑r

i=1
ξi

r
; s:t:; ξi =

⎧
⎪⎨

⎪⎩

1;0:5 ≤
cp;i
co;i

≤ 2

0;otherwise

(32)

the fractional bias (FB) given by

FB =
2
(
co − cp

)

co + cp
(33)

and the normalized mean square error (NMSE) given by

NMSE=

(
co − cp

)2

cocp
(34)

where r is the number of observations or model predictions,
superscript i denotes the ith concentration data, co is the con-
centration simulated by FDS, cp is the concentration predicted by
the approximating Gaussian plume model, co = [co;1; co;2;⋯; co;r]

Τ,
cp = [cp;1; cp;2;⋯; cp;r ]

Τ, and overbars denote averages over the
sample. The evaluation indicators are summarized in Table 6. As
shown in Table 6, the evaluation indicators are satisfactory, as
described below. The R2 is 0.9326, showing a great goodness of fit.
The FAC2 is 0.9889, indicating that most predicted concentrations
are between the fitting lines y = 2x and y = x/2. The FB and NMSE
are both near zero, showing the high prediction accuracy of the
approximating model.

Step (B):
Step (B.1): Apply the K-means clustering algorithm to H = 40

sets of historical sensor data yielding the clustering results shown
in Fig. 9. Fig. 9 (a) shows the 40 sets of data are divided into P = 36
subgroups, which is consistentwith the real situation as these data
really cover 36 scenarios with scenarios 1, 20, 27, and 34 being the
same as scenarios 37, 38, 39, and 40 as shown in Table 4. Fig. 9 (b)
shows the cluster number of each of the 40 sets of data. The
average of the concentration data in each subgroup is obtained to
produce matrix Ξ∈ℝ36×18.

Apply SVD and QRDCP to matrix Ξ yielding n = 3 and 3 sets of
sensor data

Fig. 9. Clustering results of 40 sets of historical sensor data. (a) Total sum of distance. (b) Cluster number of each dataset.

Table 7
Off-line STE results for three IHGLSs.

IHGLS No. Type qL1 /kg·s− 1 qL2 /kg·s− 1 qL3 /kg·s− 1

1 Real value 0 0 1.48
Estimated value 0 0 1.5652

2 Real value 1.37 0 0
Estimated value 1.2305 0 0

3 Real value 0 1.42 0
Estimated value 0 1.5107 0
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Ξ(31; :)= [0;0;0:0489;0;0;0;0;0:0183;0:0240;0;0;0;0;0;0;

0:0086;0:0149;0:0078]

Ξ(23; :)= [0:0189;0;0;0:0093;0:0119;0;0;0;0;0:0049;

0:0091;0:0050;0;0;0;0;0;0]

Ξ(6; :)= [0; 0:0463;0;0;0;0:0217;0:0179;0;0;0;0;0;

0:0112;0:0147;0:0042;0;0;0]

that cover 3 IHGLSs to produce matrix C
*
=

⎡

⎣
Ξ(31; :)
Ξ(23; :)
Ξ(6; :)

⎤

⎦

Τ

.

Step (B.2): As the locations of N = 3 potential leakage sources
are known and n = 3, the source locations in each IHGLS do not
need to be re-estimated. The Gaussian plume model (2) is applied
offlinewith v= 3.5m·s− 1, α1 = 0:4523, α2 = 0:4839, α3 = 0:1566,
and α4 = 0:4940 as the forward ATD model to determine the
strengths of the three actual leakage sources in each of the three
IHGLSs determined in Step (B.1). The CMA-ES is used to search for

an optimal solution to the strengths of ethane leakages in each
IHGLS. The results are shown in Table 7, which are used to produce

matrix Q* =

⎡

⎣
0 1:2305 0
0 0 1:5107

1:5652 0 0

⎤

⎦.

Step (B.3): With the obtained results C
*
and Q*, the response

matrix A can be determined following Eq. (27). Applying the SVD
to matrix A following Eq. (11) yields U, V, and Σ. With τ = 0:02,
applying the SVSO to matrix Σ following Eq. (14) yields n* = 3.
Then, ~V , ~Σ, and ~U can be determined as ~V = V(:; [1 : 3]), ~Σ =

diag(σ1;σ2;σ3), and ~U = U(:; [1 : 3]), respectively.
Step (C): The data-driven STE model is established with the

obtained results ~V , ~Σ, and ~U. Then, the model is applied to the
sensor data from 40 test scenarios, respectively, to determine the
strengths of ethane leakages in each case. The real and estimated
strengths of ethane leakages in each test scenario are listed in
Table 8. The maximum and minimum relative errors are 26.17%
and 0.25% in scenarios 25 and 38, respectively. The maximum and
minimum absolute errors are 0.2931 and 0.0015 in scenarios 25
and 38, respectively. The MRE and MAE are 6.76% and 0.0149,
respectively, indicating a satisfactory STE accuracy. In addition, the
accuracy of the leakage strength estimation for sources L2 and L3 is
better than that for source L1. This is mainly due to the large error
in the estimation of the leakage strength of source L1 in IHGLS 2 as
shown in Table 7. The leakage location where the estimated leak-
age strength is not zero are regarded as the estimated source
location. For example, it is known from the estimated leakage
strengths (0.5192, 0, 0), in kg·s− 1, in the test scenario 1 that the
estimated leakage location is L1. As shown in Table 7, source
locations are correctly estimated for all 40 test scenarios.

5.2. Effect of the number of sensors

To investigate the effect of the number of sensors on the per-
formance of STE, the number of sensors is set to 3, 6, 9, 12, and 15,
respectively, to build the data-driven STE model (15), and the built
model is then used to online process the measurements from the
corresponding sensors and perform STE. The variations of the MRE
andMAE with the number of sensors are shown in Fig. 10. It shows
that the performance of STE is essentially better with more sen-
sors. Moreover, the MRE and MAE do not change greatly after the

Table 8
On-line STE results obtained in Step (C).

Test scenario No. Real strengths of
ethane leakages/kg·s− 1

Estimated strengths of
ethane leakages/kg·s− 1

Test scenario No. Real strengths of ethane
leakages/kg·s− 1

Estimated strengths of
ethane leakages/kg·s− 1

1 (0.49, 0, 0) (0.5192, 0, 0) 21 (0, 0, 0.67) (0, 0, 0.6197)
2 (0, 0.66, 0) (0, 0.7091, 0) 22 (0.51, 0, 0) (0.4636, 0, 0)
3 (0, 0, 0.77) (0, 0, 0.7388) 23 (0, 0.09, 0) (0, 0.0938, 0)
4 (0.65, 0, 0) (0.5406, 0, 0) 24 (0, 0, 0.88) (0, 0, 0.7947)
5 (0, 0.80, 0) (0, 0.8161, 0) 25 (1.12, 0, 0) (0.8269, 0, 0)
6 (0, 0, 1.07) (0, 0, 1.0738) 26 (0, 0.97, 0) (0, 1.0148, 0)
7 (0.10, 0, 0) (0.1028, 0, 0) 27 (0, 0, 1.12) (0, 0, 1.0009)
8 (0, 1.18, 0) (0, 1.2063, 0) 28 (0.73, 0, 0) (0.5979, 0, 0)
9 (0, 0, 0.25) (0, 0, 0.2449) 29 (0, 0.46, 0) (0, 0.4366, 0)
10 (0.76, 0, 0) (0.6582, 0, 0) 30 (0, 0, 0.58) (0, 0, 0.5952)
11 (0, 0.21, 0) (0, 0.2063, 0) 31 (0.12, 0, 0) (0.1261, 0, 0)
12 (0, 0, 0.35) (0, 0, 0.3661) 32 (0, 0.12, 0) (0, 0.1306, 0)
13 (0.91, 0, 0) (0.7774, 0, 0) 33 (0, 0, 0.12) (0, 0, 0.1264)
14 (0, 0.44, 0) (0, 0.4305, 0) 34 (0.16, 0, 0) (0.1546, 0, 0)
15 (0, 0, 0.23) (0, 0, 0.2344) 35 (0, 0.22, 0) (0, 0.2340, 0)
16 (0.41, 0, 0) (0.4302, 0, 0) 36 (0, 0, 0.29) (0, 0, 0.2930)
17 (0, 0.14, 0) (0, 0.1419, 0) 37 (0.47, 0, 0) (0.4549, 0, 0)
18 (0, 0, 0.55) (0, 0, 0.4857) 38 (0, 0.61, 0) (0, 0.6115, 0)
19 (0.77, 0, 0) (0.6490, 0, 0) 39 (0, 0, 0.66) (0, 0, 0.6833)
20 (0, 0.79, 0) (0, 0.8208, 0) 40 (0.66, 0, 0) (0.5557, 0, 0)

Fig. 10. Variations of the MRE and MAE with the number of sensors.
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number of sensors has been increased to 6, indicating 6 sensors are
sufficient for this case.

5.3. Effect of measurement errors of online-measured sensor data

To investigate the effect of errors of online-measured sensor
data on the performance of STE, the sensor measurements in each
of the 40 test scenarios are corrupted with random noise such that

c(i)j ← c(i)j (1+ ξ); i = 1;2;⋯;40; j = 1;2;⋯;18 (35)

where c(i)j is the concentration at the jth sensor location in the ith

test scenario, and ξ is the noise intensity that is assumed to follow
the uniform distribution ξ ∼ U(− δ; δ) with δ representing the
maximum noise intensity. Then, the STE model obtained in Step
(C) of Subsection 5.1 is used to process the noise-corrupted sensor
measurements and perform STE. Here, δ is set to 0.05, 0.10, 0.15,
0.20, 0.25, and 0.30, respectively. For each δ, 2000 Monte Carlo

simulations (MCSs) with random noise added to the sensor
measurements are conducted. The variations of the mean and
standard deviation of the evaluation indicators in the 2000 MCSs
of δ are shown in Fig. 11. It can be observed that the two line charts
show a steady upward trend, indicating as δ increases, the per-
formance of STE is worse. Additionally, as δ increases, the standard
deviation of the STE results gradually increases, implying that the
STE becomes unstable. Nevertheless, the slopes of the two line
charts are not significant and the performance of STE is sat-
isfactory when δ is not greater than 0.10, showing the proposed
method has a degree of immunity to interference.

5.4. STE results for simultaneous leakages of ethane from multiple
sources

In practice, simultaneous leakages of ethane from multiple
sources in the CIP is inevitable. Therefore, it is necessary to eval-
uate the performance of STE in the case of simultaneous leakages
of ethane from multiple sources. The STE model obtained in Step
(C) of Subsection 5.1 is applied to the sensor data in 40 different
ethane leakage scenarios, respectively, to perform STE in each case.
The real and estimated strengths of ethane leakages in each of the
40 scenarios are shown in Table 9. Fig. 12 shows the STE results of
leakage strengths on the 40 sets of test data. As shown in Fig. 12,
apart from a few cases, most estimated leakage strengths are close
to true values. Even in these few cases, the differences between the
estimated and true leakage strengths are not significant. The MRE
and MAE are 8.0336% and 0.0321, respectively. In addition, the
accuracy of the leakage strength estimation for sources L2 and L3 is
better than that for source L1. The leakage locations where the
estimated leakage strengths are not zero are regarded as the
estimated source locations. For example, it is known from the
estimated leakage strengths (0.2382, 0.4152, 0), in kg·s− 1, in the
test scenario 1 that the estimated leakage locations are L1 and L2.
Fig. 13 shows the STE results of leakage locations from the 40
sets of test data. As shown in Fig. 13, source locations are correctly
estimated for all 40 test scenarios. These demonstrate that the
established STE model can effectively process the sensor data to
carry out STE when there exist simultaneous leakages from mul-
tiple leakage sources.

Fig. 11. Variations of the mean and standard deviation of evaluation indicators in the
2000 MCSs with δ.

Table 9
STE results for simultaneous leakages of ethane from multiple sources.

Scenario No. Real strengths of
ethane leakages/kg·s− 1

Estimated strengths of
ethane leakages/kg·s− 1

Scenario No. Real strengths of
ethane leakages/kg·s− 1

Estimated strengths of
ethane leakages/kg·s− 1

1 (0.22, 0.39, 0) (0.2382, 0.4152, 0) 21 (1.05, 1.46, 0.39) (0.7798, 1.5043, 0.3960)
2 (0, 0.18, 0.08) (0, 0.1773, 0.0768) 22 (0.38, 0.32, 0) (0.3920, 0.3235, 0)
3 (0.38, 0, 0.65) (0.3804, 0, 0.6211) 23 (0.70, 0.89, 0) (0.5344, 0.8087, 0)
4 (0.49, 0, 0.71) (0.4471, 0, 0.6359) 24 (1.07, 1.27, 0) (0.8739, 1.3588, 0)
5 (0, 0.29, 0.33) (0, 0.3269, 0.3290) 25 (0.60, 0.98, 0) (0.5168, 1.0078, 0)
6 (0.20, 0.37, 0.56) (0.2452, 0.3523, 0.5538) 26 (0, 0.22, 1.25) (0, 0.2238, 1.2577)
7 (0.82, 0.05, 0) (0.7798, 0.0491, 0) 27 (0, 1.10, 0.15) (0, 1.0527, 0.1479)
8 (0.59, 0.61, 0) (0.6157, 0.6433, 0) 28 (0.32, 0.47, 0.63) (0.2945, 0.4832, 0.6437)
9 (0.20, 0.10, 0) (0.1988, 0.0999, 0) 29 (0.88, 0.20, 0.06) (0.7246, 0.2077, 0.0613)
10 (0, 0.33, 0.33) (0, 0.3128, 0.3334) 30 (0.25, 0.25, 0.25) (0.2582, 0.2417, 0.2302)
11 (0.36, 0.64, 0.11) (0.3183, 0.5998, 0.1121) 31 (0.62, 0.35, 0.19) (0.5568, 0.3771, 0.1916)
12 (0.50, 0.50, 0.07) (0.4736, 0.4951, 0.0691) 32 (0.82, 0.56, 0.19) (0.7680, 0.5747, 0.1930)
13 (0.71, 1.20, 0) (0.6515, 1.1982, 0) 33 (0.73, 0, 0.47) (0.6057, 0, 0.4765)
14 (1.11, 0.20, 0) (0.8178, 0.1967, 0) 34 (0.64, 0.81, 0) (0.6005, 0.7780, 0)
15 (0.82, 0, 0.47) (0.7377, 0, 0.4603) 35 (0, 0.36, 0.10) (0, 0.3643, 0.0969)
16 (0.49, 0.91, 0) (0.4447, 0.9319, 0) 36 (0.80, 0.40, 0.20) (0.7117, 0.4107, 0.2047)
17 (1.11, 0, 0.16) (0.8323, 0, 0.1803) 37 (0.57, 0.91, 0) (0.5319, 0.8193, 0)
18 (0.28, 0, 0.26) (0.2771, 0, 0.2724) 38 (1.00, 1.02, 0) (0.7330, 0.9964, 0)
19 (0.33, 0.49, 0) (0.3379, 0.4974, 0) 39 (0.11, 0.51, 0) (0.0987, 0.4693, 0)
20 (0, 1.20, 0.55) (0, 1.2728, 0.5187) 40 (0.66, 0.27, 0.66) (0.5524, 0.2650, 0.6541)
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5.5. Application to the real data from Prairie Grass field dispersion
experiment

Prairie Grass field dispersion experiments were conducted in
O'Neill, Nebraska [60]. The field experiment dataset consists of 68
releases of about 10 min each of trace gas SO2 from a ground level
point source. About 600 mean concentration monitoring sensors
were deployed at a height of 1.5 m along five arcs with radii of

Fig. 12. STE results of leakage strengths from 40 sets of test data. (a) Source 1. (b) Source 2. (c) Source 3.

Fig. 13. STE results of leakage locations from 40 sets of test data.

Table 10
Optimal dispersion parameters of the Gaussian plume model in the ASC ‘D’ [62].

ASC α1 α2 α3 α4

D 0.32 0.78 0.22 0.78

Table 11
Off-line STE results for the IHGLS.

Type x0/m y0/m z0/m q/g·s− 1

Real value 0 0 0.46 95.9
Estimated value − 3.4716 0.4399 2.7652 105.4467
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50 m, 100 m, 200 m, 400 m, and 800 m, measuring 10 min average
concentrations. The sensors were deployed at intervals of 2∘ along
four arcs of 50− 400 m, and the interval of 1∘ at 800 m. A large
number of meteorological measurements were collected during
the experiments. The atmospheric stability class (ASC) associated
with each data set is dependent on the time of the release, and the
experiments were conducted under different ASCs. Characteristics
of the 68 Prairie Grass field experiments have been reported in
Ref. [61].

Data preparation: Four sets of experimental data from
releases 6, 11, 21, and 33 are used in the present study, which
have similar but different meteorological conditions in terms
of ASC, wind direction, and wind speed. The ASC in the four
experiments is ‘D’. The data from releases 11 and 33 are used
as historically collected sensor data to build the data-driven
STE model, and the remaining data are used as online-
measured sensor data to evaluate the performance of the
proposed method.

Gaussian plume model approximation: For the Prairie Grass
field dispersion experiments, the optimal dispersion parameters as
defined in Eqs. (3) and (4) for the Gaussian plume model
had been determined in Ref. [62] for different ASCs. The
optimal dispersion parameters in the ASC ‘D’ are summarized in
Table 10.

Data-driven STE model building: Apply the K-means
clustering to the H = 2 sets of historical sensor data pro-
ducing matrix Ξ∈ℝ2×58. Apply SVD and QRDCP to matrix Ξ

yielding n = 1 and one set of representative sensor data

Ξ(1; :) that cover one IHGLS to produce vector C
*
= [Ξ(1; :) ]

Τ.
The Gaussian plume model (2) is applied offline with
v = 6.77 m·s− 1, α1 = 0:32, α2 = 0:78, α3 = 0:22, and α4 = 0:78
as the forward ATD model to determine the location and
strength of the point leakage source in the IHGLS. The CMA-
ES is used to search for an optimal solution to the location
and strength of the point leakage source. The results are
given in Table 11 showing that overall the results are good
estimations of the true values. Consequently, we can use
Q* = 105:4467.

On-line application: The data-driven STE model is established

with the obtained results C
*
and Q*. Then, the model is applied to

process the sensor data from the two test cases, obtaining an
estimated leakage strength in each case. The real and estimated
leakage strengths at the point leakage source in each case are
listed in Table 12. The MRE and MAE are 7.9271% and 6.8343,
respectively, indicating a satisfactory STE accuracy even if the
meteorological conditions in terms of wind direction and wind
speed in the modelling scenarios are different from those in the
test scenarios. This demonstrates the practical applicability of the
proposed approach.

6. Conclusions

In the present study, a new MSDD-STE approach and asso-
ciated implementation algorithm that can work under turbulent
ATD scenarios are developed. An approximating Gaussian plume

model is produced from the CFD model simulated data and used
to represent hazardous gas dispersions under turbulent ATD
scenarios. This overcomes the difficulties with the off-line STE
when applying existing MSDD-STE approaches in turbulent ATD
scenarios. Comprehensive numerical simulation studies are
conducted to verify the effectiveness and demonstrate the
practical significance of the proposed approach. Analysis of the
effects of various factors including sensor numbers, measure-
ment errors, and leakage conditions on the STE performance is
also conducted, demonstrating the robustness of the proposed
approach. Although the proposed method assumes that the
terrain of the target area is open and flat, the basic principle of
the proposed method can readily be extended to much more
general scenarios where there exist complex obstacles. The basic
idea is to determine the source-receptor relationship in the
more complex scenarios by constructing the unsteady adjoint
equation modelled by the LES technique and apply this adjoint
equation to perform the off-line STE. Then, the STE problems in
the more complex scenario of concern can be solved using the
basic MSDD-STE approach. In addition, only one wind direction
is considered in the present study. Future studies will be focused
on more complicated scenarios where meteorological con-
ditions, such as, e.g., wind directions may change.
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