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Abstract

For gas leakage monitoring in obstacle environments such as oil and gas stations, the
layout of fixed sensors directly affects the validity of monitoring data and the accuracy of
subsequent leakage source localization. To achieve effective coverage of high-risk areas
with a limited number of sensors and reduce deployment costs, this paper proposes a
multi-objective optimization method for sensor layout based on the non-dominated sorting
genetic algorithm-II (NSGA-II). Based on multi-scenario computational fluid dynamics
simulation data, the peak concentration, hazardous concentration duration, and leakage
probability at each monitoring point are extracted as risk characteristic indicators. The
NSGA-II analytic hierarchy process is employed to determine the weight of each indicator,
and a comprehensive risk classification model for the monitored area is established. This
is adopted for solution seeking. Through non-dominated sorting and crowding distance
calculation, the Pareto optimal front is searched in the solution space. The optimized layout
scheme is applied to the leakage source term estimation based on particle filter, and the
performance of different layout schemes is compared and analyzed with the source localiza-
tion error as the evaluation index. Case studies show that the sensor layout optimized by
the non-dominated sorting genetic algorithm achieves effective coverage of high-risk areas.
With the same number of sensors, its high-risk area coverage rate outperforms that of the
multi-objective particle swarm optimization algorithm (MPSOA). Following the applica-
tion of the optimized layout, the localization accuracy of leakage source term estimation
is significantly improved. Compared with the traditional grid and circular layouts, the
source localization error is reduced by approximately 44%. Compared with the layouts
optimized by the MPSOA and genetic algorithm (GA), the error is decreased by 30.4%
and 33.3%, respectively. The proposed sensor layout optimization method based on the
NSGA-II can effectively balance monitoring coverage and economic cost, and significantly
improve the localization accuracy of gas leakage sources. This study provides a theoretical
basis and technical support for the optimal deployment of fixed gas sensor networks in
complex scenarios.

Keywords: sensor layout; multi-objective optimization; non-dominated sorting genetic
algorithm-II; risk classification; gas leakage

1. Introduction
With the continuous growth of energy demand and the rapid development of the

chemical industry, the number of hazardous chemical production and storage facilities such
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as oil and gas stations and hydrogen refueling stations has increased. Once a gas leakage
accident occurs in these places, it is very likely to cause catastrophic consequences such as
fire and explosion, posing a serious threat to the safety of people’s lives and property as
well as the ecological environment [1,2]. Therefore, the establishment of an efficient and
reliable fixed gas sensor network is of great significance for ensuring industrial production
safety and improving emergency response capabilities [3]. A reasonable sensor layout can
quickly capture concentration signals in the early stage of leakage, providing key data
support for subsequent leakage source localization and emergency decision-making [4,5].

Traditional grid and circular arc layouts are commonly used because of their simple
implementation, as illustrated in Figure 1. However, these layouts mainly rely on geometric
rules and do not fully consider gas dispersion characteristics, obstacle effects, or spatial
risk differences.

Figure 1. Traditional sensor layouts.

In recent years, scholars at home and abroad have carried out extensive research on
the optimization of gas sensor layout, forming a diverse methodological system. Benavides
et al. [6] proposed a stochastic algorithm that guides sensor placement by minimizing risk
values while accounting for sensor errors, and performs numerical optimization using
diffusion simulations. Compared with other methods, this approach improves sensor
performance. Cen et al. [7] proposed a quantitative filtering method to select representative
leakage scenarios from all leakage scenarios, and presented a stochastic mixed-integer linear
programming model based on leakage risk to guide sensor layout, reducing the leakage risk
under all possible conditions to a certain extent. Following the research idea of optimizing
sensor layout based on risk control, other scholars have further expanded the application
scenarios and optimization objectives. Legg et al. [8,9] formulated the sensor placement
problem as an optimization problem. In the FLACS environment, they guided the sensor
layout by minimizing the detection time while ensuring sensor coverage, and proposed
a stochastic programming method to solve the optimization problem. Zhou et al. [10]
proposed a stochastic programming method to optimize the placement of gas detectors.
They transformed the optimal sensor layout problem into minimizing gas leakage risk, and
then adopted the particle swarm optimization algorithm to solve the optimization problem,
thus improving the performance of the gas detection system. In addition to stochastic
programming, integer linear programming and the set covering problem have also become
important tools for sensor layout optimization, with more emphasis on multi-objective
balance. Oleynik et al. [11] employed the set covering problem to design the sensor array
layout, taking the minimization of sensor quantity, sensor cost, and leakage probability as
constraints for sensor placement. Rad et al. [12] extended integer linear programming to
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address the two optimization objectives of maximizing sensor coverage and minimizing
detection time, and introduced a multi-level voting mechanism to ensure the effectiveness
of sensor placement.

Information theory has also been introduced into sensor layout design, focusing
on reducing information redundancy and improving information acquisition efficiency.
Khorshidi et al. [13] proposed a sensor placement strategy based on a hybrid information
entropy optimization framework to identify leaks in water distribution networks. By
maximizing the value of information and minimizing the mutual information entropy, the
strategy ensures that sensors capture more information while minimizing the number of
sensors used. Terman et al. [14] adopted a similar approach: they minimized the mutual
information between sensor pairs to avoid redundant information, while maximizing the
total information to ensure that the sensor network obtained the maximum information.
This allows more information to be captured with the same number of sensors. Kwak
et al. [15] proposed a mixed-integer linear programming model that minimizes risk by
reflecting regional characteristics, and compared the exposed area and residual risk score.
The method is suitable for cities with uneven distribution of characteristics. On the other
hand, the correlation between sensor layout and source term estimation has also attracted
the attention of researchers, who have explored the optimal layout from the perspective of
improving estimation accuracy. Ma et al. [16] proposed an active firefly algorithm for source
term estimation in gas dispersion and investigated the influence of sensor placement on the
performance of the active firefly algorithm. Lang et al. [17] captured data using uniformly
arranged sensors and combined sensor data with an atmospheric dispersion model via
cluster analysis and proposed a multi-sensor data-driven source term estimation model,
which improved computational efficiency compared with traditional direct methods and
neural network methods. Shui et al. [18]. constructed a comprehensive leakage scenario
set using Latin hypercube sampling over leak location, orifice size, direction, and wind
field, and then optimized detector layouts under an explicit scenario-coverage constraint
based on time-varying concentration outputs at monitoring points from CFD. Liu et al. [19]
used MILP to optimize sensor placement in a small hydrogen cylinder compartment with
12 candidate positions, balancing coverage and detection time. Due to entropy being an
important concept in stochastic theory, it can objectively measure the information gain
brought about by sensor deployment. Its physical significance is closely related to source
term evaluation and is more suitable for the quantification of methane emissions. Detailed
comparisons are summarized in Table 1.

Table 1. Comparison of existing gas sensor deployment mechanisms.

Deployment Mechanisms Advantages Limitations

Traditional grid layout
Straightforward design and

deployment; convenient for routine
maintenance

Neglects gas diffusion laws and poor
data collection efficiency

Stochastic
programming

Capable of coping with leakage
uncertainties; applicable to

risk-oriented decision analysis

Demands abundant representative
leakage working conditions

Information
theory

Cuts redundant sensor readings and
boosts the efficiency of
information capturing

Information obtained cannot fully
reflect safety risks or source

positioning precision

Risk-based layout Closely correlated with on-site
safety demands

Estimation precision relies heavily on
risk modeling and assigned

risk weights
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Traditional grid-based and circular deployment methods have been widely used
in gas sensor networks. However, uniform layouts are usually adopted, and spatial
risk differences are not considered. Information-theory-based methods have also been
applied, but redundancy reduction is mainly focused on, while direct risk interpretation is
limited. Stochastic and integer programming methods have been introduced, but strong
dependence on scenario settings and simplification of dispersion effects are still observed.
In addition, PSO- and GA-based methods have been used for optimization; however,
premature convergence and weight sensitivity in multi-objective transformation are often
reported [20,21].

Therefore, risk-weighted and obstacle-aware characteristics are not fully incorporated
in existing studies. Meanwhile, the trade-off between coverage performance, deployment
cost, and source estimation accuracy is not sufficiently balanced. In this study, a NSGA-
II-based multi-objective optimization framework is proposed. Risk-weighted coverage
and deployment cost are simultaneously considered, and Pareto optimal solutions are
generated to improve sensor layout quality in obstacle-present gas leakage environments.

Based on the above analysis, this paper proposes a fixed gas sensor layout method
that integrates risk classification and multi-objective optimization. Firstly, a comprehensive
risk classification model is constructed based on computational fluid dynamics simulation
data. Secondly, with the objectives of maximizing risk-weighted coverage and minimizing
deployment cost, the NSGA-II is adopted to obtain the optimal layout scheme. Finally, the
effectiveness of the proposed method is verified by comparing the localization errors of
leakage sources, so as to provide a theoretical basis and technical support for the optimal
deployment of gas sensor networks in complex scenarios.

2. Methodology
The sensor layout optimization and gas leakage source term estimation method pro-

posed in this study is illustrated in Figure 2. First, computational fluid dynamics is
employed to construct gas diffusion contours in obstacle-present scenarios. A compre-
hensive risk index is then calculated using parameters such as peak concentration and
leakage probability, based on which risk classification is performed. NSGA-II is adopted for
multi-objective optimization of sensor layout, and the optimal layout scheme is extracted
from the Pareto optimal front. Then, particle filtering based on Bayesian theory is applied
for gas leakage source term estimation. The main steps of the proposed method are shown
in Figure 2. Each step and its underlying principle will be elaborated in detail in the
subsequent sections.

2.1. Non-Dominated Sorting Genetic Algorithm-II

Gas sensor layout optimization is a typical multi-objective optimization problem in
the field of wireless sensor network topology planning. Studying gas sensor layout is
essential to investigate the problem of maximizing the coverage of the monitoring net-
work composed of fixed sensors and minimizing the cost consumption. To quantify the
theoretical conditions of this problem, certain assumptions are required: sensor nodes
exhibit isomorphic characteristics, with fixed sensing radius and communication radius;
there is no functional coupling between nodes in the topology, and the working state of
each node satisfies the independence condition; and the system operates in an idealized
two-dimensional plane, ignoring spatial heterogeneity such as terrain undulations. Based
on the above assumptions, the sensor layout optimization problem can be modeled as
follows: within a given area A ∈ R2, the spatial coordinate configuration is performed
for the sensor set S = {s1 , s2 , . . . , sn}. The coordinate configuration should simulta-
neously satisfy the optimal solution set of the objective functions, namely, maximizing
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the risk coverage max
{

Un
i=1C(si)

}
and minimizing the deployment cost min{∑n

i=1 F(si)},
where C(si) denotes the circular monitoring range of the sensor and F(si) represents the
cost function.

 
Figure 2. Steps of the sensor layout optimization and source estimation.

In this study, fixed methane gas concentration sensors are considered for natural gas
leakage monitoring. Since methane is the main component of natural gas, methane concen-
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tration is used as the monitoring variable. The sensors are assumed to be homogeneous,
and each sensor has the same sensing radius, detection threshold, response characteristics,
and measurement accuracy. In the numerical case, the sensing radius of each sensor is set
to 4 m. The detection threshold of gas sensors is set to 5 × 10−4 kg/m3, with a detection
rate of 70%.

Sensor layout optimization, as a typical multi-objective optimization problem, is solved
in this section using the NSGA-II. The algorithm achieves a dynamic balance between
objective functions in the solution space by constructing a multi-objective Pareto optimal
set. Its core framework consists of the following three parts:

Hierarchical sorting based on the Pareto dominance relation: non-dominated sorting is
performed on individuals in the population by establishing the Pareto dominance criterion
to construct a hierarchical optimization structure. For any two solution vectors A and
B, solution A dominates solution B if and only if fi(A) ≤ fi(B)(i = 1, 2, . . . m) and there
exists at least one objective j such that f j(A) ≤ f j(B).

Non-dominated individuals are recursively selected to form front ranks, which consti-
tute the convergence guidance criterion of the algorithm. Self-adaptive genetic operation
system: using the binary tournament strategy, fitness evaluation is carried out based on
the dual indicators of individual rank and crowding distance, so as to ensure the direc-
tional transmission of superior genes. The crossover probability is controlled based on
the distribution index to achieve continuous recombination of the characteristic parame-
ters of the parent individuals. Mutation probability is introduced to maintain population
diversity and prevent the algorithm from falling into local optima. Elite Preservation Strat-
egy and Crowding Distance Sorting: By constructing a combined population consisting
of parent and offspring individuals, an elite preservation strategy is employed to select
non-dominated solutions. The crowding distance metric is used to quantify the distribution
density of the solution set, and individuals in higher front ranks and sparser regions are re-
tained preferentially, which effectively balances the convergence speed and the distribution
uniformity of the solution set.

The core of multi-objective optimization lies in constructing a reasonable objective
function. In sensor layout optimization, the spatial distribution parameters of sensors
(including quantity configuration and position selection) are systematically adjusted to seek
the Pareto optimal solution between maximizing risk coverage and minimizing deployment
cost. Herein, risk coverage refers to the monitoring capability of the sensor network for
high-risk areas, which should ensure that high-risk locations have priority for coverage.
Deployment cost is mainly reflected in minimizing the number of sensors, that is, achieving
optimal resource allocation on the premise of satisfying monitoring requirements. Therefore,
the objective functions are designed as follows:

Equation (1) defines the risk-weighted coverage objective of the deployed sensor
network:

O1 = −
∑(x,y)∈Covered Riskweight(x, y)

∑(x,y)∈Total Riskweight(x, y)
(1)

In this formulation, the numerator represents the total risk weight of all grid cells that
are successfully covered by at least one sensor. Each grid cell is assigned a risk weight
Riskweight(x, y), which is obtained from CFD-based simulation results, including peak gas
concentration, hazardous exposure duration, and leakage probability.

The denominator represents the total risk weight of the entire monitoring region,
which is used as a normalization factor to ensure comparability across different scenarios.

The ratio, therefore, represents the fraction of total risk that is successfully monitored
by the sensor network. A higher value indicates better coverage of high-risk regions.
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A negative sign is introduced because the NSGA-II framework is formulated as a
minimization problem. Therefore, maximizing risk coverage is equivalently converted into
minimizing the uncovered risk ratio.

Equation (2) defines the deployment cost function of the sensor network:

O2 =
Nsensors

Nmax
+

(
1 −

mini,j
∥∥Si − Sj

∥∥
2R

)
(2)

In this expression, the first term Nsensors represents the total number of deployed
sensors, which directly reflects installation and maintenance cost, and Nmax is the max-
imum allowable number of sensors. A smaller number of sensors indicates lower
deployment cost.

The second term is introduced as a spacing penalty term, which is used to avoid
excessive clustering of sensors.

Si, Sj represent the spatial positions of sensor i and sensor j, respectively;
mini,j

∥∥Si − Sj
∥∥ represents the minimum distance between any pair of sensors in the

deployment scheme;
R is the sensing radius of a single sensor.

The term
(

1 − mini,j∥Si−Sj∥
2R

)
penalizes cases where sensors are placed too close to

each other. When sensors are densely clustered, the minimum distance becomes small,
leading to a larger penalty value. Conversely, when sensors are well separated, the penalty
approaches zero.

The normalization by 2R ensures that the spacing constraint is consistent with the
physical sensing range, preventing redundant overlap between adjacent sensors.

According to the established objective functions, the flow of the sensor layout opti-
mization algorithm is shown in Algorithm 1.

Algorithm 1 NSGA-II Based Sensor Layout Optimization

Input:
·Risk map R(x, y)
·Maximum number of sensors Nmax
·Population size P
·Maximum generations Gmax
Output:
·Optimal sensor layout X∗ (selected from Pareto front)

1: // Initialization
2: t = 0;
3: Generate initial population X(t) = {X1, X2, ..., Xp];
4: Evaluate objectives O1 and O2 for all individuals;

5: // Evolution process
6: while (t < Gmax) do
7: Perform non-dominated sorting and obtain fronts F1, F2 , ...;
8: Calculate crowding distance for individuals in each front;
9: Select parents by binary tournament selection;
10: Apply crossover to generate offspring population Q(t);
11: Apply mutation to Q(t);
12: Handle constraints (obstacle avoidance and Nmax);

https://doi.org/10.3390/fire9070308
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Algorithm 1 Cont.

13: Evaluate objectives O1 and O2 for all offspring;
14: Combine R(t) = X(t)UQ(t);
15: Perform non-dominated sorting on R(t);
16: Fill next population X(t + 1) using elitist strategy basedon rank and crowding
distance;
17: t = t + 1;
18: end while

19: // Output
20: Obtain Pareto front F1 from the final population;
21: Select best compromise solution X∗ from F1;
22: return X∗;

Symbols Explanation:
R(x, y) : Risk weight of grid cell (x, y)
O1: Risk-weighted coverage objective (Equation(1))

O2: Deployment cost objective (Equation(2))
Nmax: Maximum allowable number of sensors

P: Population size
Gmax: Maximum number of generations
X(t): Population at generation t
Q(t): Offspring population at generation t
Fi: i − th Pareto front

2.2. Particle Filtering

Particle filtering, as a classic method in data assimilation, is widely used in the source
term estimation of atmospheric pollutants and the parameter estimation of radiation
sources. In the leakage source localization method based on Bayesian theory, the prior
information of the natural gas leakage source is converted into posterior information
combined with the concentration data from gas sensors [22,23]. The theoretical basis of
Bayesian theory is shown as follows:

P(m|n) = P(n|m)p(m)

p(n)
∝ P(n|m)p(m) (3)

where m(x, y) represents the parameters of the natural gas leakage source, including its
position coordinates. N(n1 , n2 , . . . , nk ) denotes the concentration data measured by
gas sensors.

P(m) is the prior distribution of the natural gas leakage source term parameters
calculated from prior information. In complex environments, the prior information of
natural gas leakage sources is difficult to obtain, and a uniform distribution is generally
adopted. P(n) is the posterior distribution of the natural gas leakage source parameters.
P(n | m) refers to the likelihood probability of the gas sensor concentration given the
natural gas leakage source parameters, also known as the likelihood function. P(m | n)
represents the probability distribution of the natural gas leakage source term parameters.

The selection of the likelihood probability determines the stability and accuracy of the
inversion model, which is jointly affected by the systematic error ε1 of natural gas sensors
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and the error ε2 of the gas dispersion model. In general, these two errors approximately
follow normal distributions, namely ε1 ∼ N(0, σ1

2) and ε2 ∼ N
(
0, σ2

2).
P(n | m) = ∏k

i=1 (ni | m) ∝ exp{ −
[

f (m)− ni]
2

2(σ2
1,i + σ2

2,i)
} (4)

where ni denotes the actual measured value of the gas sensor, and f (m) represents the
output value of the natural gas dispersion model.

The specific steps of particle filtering are as follows:
(1) A uniform distribution is chosen as the prior distribution of the natural gas leakage

source term. The particle swarm [Xi(x, y)] is initialized, and the initial weight of each
particle is assigned as w = 1/k.

(2) Update the particle states at the j step. For the particle set i = 1, 2, . . . , k, the
importance weight of each particle is calculated according to the likelihood function, and
the weights are normalized.

wi(j) =
w[Xi(j)]

∑k
i=1 w[Xi(j)]

(5)

(3) To alleviate the problem of particle degeneracy, the effective sample size Neff is
defined. Resampling is required when Ne f f is smaller than a preset threshold. Such
resampling duplicates high-weight particles multiple times, resulting in the loss of
particle diversity.

Ne f f =
1

∑N
i=1[wi(j)]2

(6)

(4) After several iterations, the particles converge to the high-likelihood region of the
leakage source parameters. The estimated parameters of the natural gas leakage source can
then be obtained by calculating the mean of the particles.

3. Result and Discussion
3.1. Simulation Case Results

In this study, COMSOL6.4 simulation software was used to systematically simulate
the natural gas leakage and dispersion process with obstacles, based on the k − ε turbulence
model coupled with the mass transfer equation. A 40 m × 40 m two-dimensional plane
was adopted as the computational domain. The leakage hole diameter was set to 10 cm,
the leakage source coordinate was (20, 30), the leakage rate was 3 kg/s, and the wind
speed was 2 m/s. The simulation results are shown in Figure 3. Obstacles enhance the
turbulence intensity of the gas. When blocked by obstacles during diffusion, the gas
forms unique concentration distributions around obstacles, such as gas accumulation
and delayed diffusion in the wake region. On the leeward side of obstacles, the gas
flows around obstacles and forms vortices and local gas accumulation, leading to uneven
concentration distributions.

The CFD simulation was used to obtain the gas concentration distribution in the moni-
toring region. The monitoring area was discretized into grid cells, and the concentration-
time information of each grid cell was extracted. Based on the simulated concentration
field, three risk indicators were obtained: peak concentration, hazardous concentration
duration, and leakage probability. These indicators were then normalized and weighted to
construct the comprehensive risk index. Parameter settings for simulation in Table 2.
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Table 2. Parameter settings for simulation.

Category Parameter Setting

CFD simulation domain

Computational domain 40 m × 40 m (2D)
Obstacle setting Rectangular buildings

Leakage source location (20, 30)
Leakage rate 3 kg/s

Leak hole diameter 0.10 m
Wind speed 2 m/s

Wind direction Uniform

CFD solver settings
Solver type Pressure-based solver
Flow model k–ε turbulence model

Pressure–velocity coupling SIMPLE algorithm

Figure 3. Computational fluid dynamic simulation result.

It should be noted that the numerical benchmark case in this work adopts fixed
meteorological and leakage parameters, including a uniform wind speed of 2 m/s, a
fixed leakage rate of 3 kg/s and a single leakage position, which is designed to serve as
a representative 2D obstacle-containing benchmark to fully demonstrate the integrated
technical route of CFD risk mapping, NSGA-II multi-objective layout optimization and
particle filter source inversion. Systematic parametric analysis covering variable wind
speeds, wind directions and leakage flow rates requires massive additional CFD simulation
cases, which will greatly expand the research scope and computational burden of the
current manuscript, so such multi-condition comparative tests are not carried out in this
paper. Nevertheless, the proposed optimization framework has strong generalization
ability. When facing different wind fields or leakage working conditions, researchers only
need to reconstruct the regional risk weight map by updating CFD simulation parameters,
and the subsequent NSGA-II layout solving and particle filter source term estimation
modules can be completely reused without structural modification of the algorithm.
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3.2. Area Risk Classification Results

Based on the above case, the detection area is discretized into regular grid cells of
0.2 m × 0.2 m. Indexes including peak concentration, duration of gas concentration
within 5–15%, and leakage probability (i.e., leakage frequency under each scenario) at
each grid point are extracted. The weighted risk value of each grid node under different
leakage scenarios is calculated and taken as the comprehensive risk index Ri. Obstacles
are assigned zero risk weight and are not considered as coverage targets. However, they
significantly influence gas dispersion patterns, leading to high-risk accumulation zones
in surrounding regions. Therefore, sensor efficiency is evaluated based on risk-weighted
coverage rather than geometric coverage.

Ri = w1 · Ci + w2 · Ti + w3 · Pi (7)

In the formula, Ri is the comprehensive risk index, Ci is the normalized peak concen-
tration, Ti is the normalized duration when the gas concentration ranges from 5% to 15%,
and Pi is the leakage probability. w1, w2, and w3 are the weights of peak concentration,
duration, and leakage probability, respectively.

The weights of the three risk indicators were determined using the analytic hierarchy
process (AHP). The selected indicators include peak concentration, hazardous concentration
duration, and leakage probability. First, a pairwise comparison matrix was established
according to the relative importance of the three indicators in gas leakage risk assessment.
The judgment matrix is expressed as:

A =

 1 0.837 1.714
1.194 1 2.048
0.583 0.488 1

 (8)

where the three rows and columns correspond to peak concentration, hazardous con-
centration duration, and leakage probability, respectively. The priority vector was calcu-
lated by normalizing the eigenvector corresponding to the maximum eigenvalue of the
judgment matrix.

The weights are determined by the analytic hierarchy process, with values of 0.36,
0.43, and 0.21.

Then, the statistical quantile method is applied to determine the risk level thresholds.
In this paper, the 30% and 60% percentiles are selected as the thresholds for low-medium
risk and medium-high risk, respectively. Accordingly, the risk index is divided into three
risk levels: low, medium, and high. Finally, a risk level matrix is constructed using a
spatial interpolation algorithm to realize risk classification of the monitoring area. Weights
are assigned to different risk level regions: the weight of obstacles is 0, low-risk is 1,
medium-risk is 2, and high-risk is 4. The risk classification of the monitoring area is
shown in Figure 4.

In this paper, the maximum number of sensors is set to no more than 20, with a sensing
radius of 4 m for each sensor. The NSGA-II is adopted to continuously adjust the sensor
positions through operations such as selection, crossover, and mutation, so as to balance
the coverage of risk areas and the economic cost of sensor deployment. Finally, the solution
with the relatively highest coverage rate is selected from the solution set. The optimized
sensor layout is shown in Figure 5. The blue solid dots represent sensor positions, and the
blue dashed circles indicate the coverage range of each sensor.
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Figure 4. Area risk classification.

Figure 5. NSGA-II optimized layout.

The computational complexity of the proposed NSGA-II-based sensor layout optimiza-
tion mainly comes from fitness evaluation, non-dominated sorting, and crowding distance
calculation. For a population size of P, number of objectives M, number of monitoring grid
cells G, and number of sensors N, the fitness evaluation has an approximate complexity
of when direct coverage calculation is used. The non-dominated sorting procedure has
a complexity of approximately, and the crowding distance calculation has a complexity
of approximately.

Since the sensor layout optimization is an offline design procedure, the computational
burden does not affect real-time monitoring after deployment. In this study, the population
size and maximum number of generations were selected to balance optimization quality
and computational cost. During iteration, the Pareto front gradually becomes stable, and
the improvement in risk-weighted coverage becomes limited after repeated generations.
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Therefore, the maximum generation number and the stability of the Pareto solution set
were used as termination criteria.

It can be seen from the Pareto front that the points are clustered along an approximate
Pareto frontier curve, as shown in Figure 6. This indicates that with a limited number
of sensors, the solution set exhibits typical non-dominated characteristics, reflecting the
multi-objective trade-off between risk area coverage and resource constraints. It can be
intuitively observed from the sensor layout distribution that the sensor network optimized
by the NSGA-II exhibits significant spatial uniformity and achieves almost full coverage of
high-risk areas. This demonstrates that the NSGA-II can effectively deploy sensors in key
regions to improve overall coverage and monitoring performance.

Figure 6. Pareto frontier.

3.3. Particle Filter Results

Figure 7 further illustrates the uncertainty distribution of the estimation results using
a histogram. It can be observed that the localization errors in both X and Y directions are
within 1.5 m. The proposed method can not only yield a single estimated value of leakage
source parameters but, more importantly, can also derive the full posterior probability
distribution. Meanwhile, it can also be observed that the high-probability regions in the
histogram are mostly concentrated near the estimated position. This feature better satisfies
the requirements of uncertainty quantification in practical engineering applications.

Figure 7. Posterior probability distribution of leakage source coordinates.
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3.4. Comparison with Various Sensor Layout Methods

To evaluate the quality of the Pareto solution set, the Hypervolume indicator is
used to comprehensively assess the convergence and diversity of the solution set. The
Hypervolume indicator [24,25] balances convergence and diversity by quantifying the
coverage volume of the solution set in the objective space. Since it does not require the true
Pareto front, the Hypervolume indicator is widely adopted in engineering optimization
design. The formula for the Hypervolume indicator is given as follows:

HV(S, r) = Volume
(⋃

s∈S
[s1, r1]× [s2, r2]× · · · × [sn, rn]

)
(9)

where n is the number of objectives, and s is a solution in the solution set S. Each solution
s corresponds to a hypercube whose vertices are defined by s and the reference point r. In
this section, the reference point is selected as the maximum value of each objective function
plus a 5% offset to ensure that all solutions dominate the reference point.

Table 3 compares the performance of sensor layouts under different optimization
algorithms. It can be seen from the table that compared with the MOPSO, the NSGA-
II achieves higher coverage efficiency with fewer sensors. Its Hypervolume indicator
is much higher than that of MOPSO, indicating that NSGA-II achieves a better balance
between convergence and diversity of the solution set. Benefiting from the non-dominated
sorting mechanism and crowding distance calculation, NSGA-II can effectively maintain
the diversity and convergence of the solution set in sensor layout optimization. The MOPSO
algorithm uses the same number of sensors as NSGA-II, but achieves a lower risk area
coverage ratio. This is because the inertia mechanism in MOPSO may lead to uneven
distribution of the solution set, thus degrading the risk area coverage performance.

Table 3. Comparison of sensor placement results under different optimization algorithms.

Sensor Layout
Optimization Algorithm Number of Sensors Risk Area Coverage Ratio Hypervolume Indicator

NSGA-II 13 78% 0.52
MOPSO 13 70% 0.43

Table 4 shows the comparison of gas leakage source estimation results under different
sensor layouts. It can be seen from the table that after optimization by the non-dominated
sorting genetic algorithm (NSGA-II), the accuracy of gas source estimation is greatly
improved, and the localization error is reduced by approximately 44% compared with
traditional layouts (grid layout and circular layout).

Table 4. Estimation results of source items under different sensor layouts.

Gas Sensor Layout True Position of Gas
Leakage Source

Estimated Position of
Gas Leakage Source Localization Error

Grid layout (20, 30) (18.69, 32.51) 2.83 m
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Table 4. Cont.

Gas Sensor Layout True Position of Gas
Leakage Source

Estimated Position of
Gas Leakage Source Localization Error

Circular arc layout (20, 30) (18.95, 32.43) 2.64 m

NSGA-II
Optimized layout (20, 30) (19.79, 31.57) 1.58 m

MOPSO Optimized
layout (20, 30) (18.94, 32.01) 2.27 m

GA Optimized
layout (20, 30) (18.62, 31.93) 2.37 m

Compared with MOPSO and GA, the source localization error after NSGA-II optimiza-
tion is reduced by 0.304 and 0.333, respectively. This is because NSGA-II can effectively
balance multiple optimization objectives through non-dominated rank and crowding dis-
tance comparison, avoiding the algorithm from falling into local optima. Although the
MOPSO has a fast convergence speed, it relies heavily on collaboration among particles
and has a weak ability in handling multi-objective problems, being easily affected by inertia
weight and learning factors. The GA can only optimize a single objective, so it needs
to assign weights to the multi-objective function and transform it into a single-objective
function. This leads to excessive dependence on weight selection, which affects the sensor
layout optimization.

Compared with traditional grid and circular arc layouts, the NSGA-II optimized
layout places more sensors in high-risk regions derived from CFD simulation. These
regions usually correspond to higher concentration, longer hazardous duration, and higher
leakage occurrence probability. Therefore, under the same number of sensors, the NSGA-II
optimized layout is expected to provide earlier leakage detection. However, detection time
is not directly used as an optimization objective in this study. The main focus of this work
is to balance risk-weighted coverage, deployment cost, and source localization accuracy.
Quantitative detection-time optimization will be further investigated in future work.

4. Conclusions
In this study, a multi-objective optimization method is adopted to optimize the sensor

layout for node deployment in fixed sensor networks. Hazardous areas are demarcated
based on CFD simulation data in obstacle-present scenarios, with the maximization of
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risk area coverage and the minimization of sensor quantity set as the dual optimization
objectives. The non-dominated sorting genetic algorithm is then applied to optimize the
node distribution of the sensor network. Furthermore, the sensor layout results obtained
from this method are compared with those generated by the multi-objective particle swarm
optimization algorithm and the genetic algorithm.

The multi-objective optimization method for sensor layout based on NSGA-II pro-
posed in this study can achieve precise coverage of high-risk areas in the monitoring region
under the constraint of sensor quantity. With 13 sensors, a risk area coverage rate of 78% is
achieved, representing an 8-percentage-point increase compared with the MOPSO algo-
rithm using the same number of sensors. Moreover, the hypervolume indicator of its Pareto
solution set reaches 0.52, which is much higher than 0.43 of the MOPSO algorithm. This
demonstrates superior clustering performance, convergence and diversity of the solution
set, and effectively balances the monitoring coverage of high-risk areas and the economic
cost of sensor deployment.

The application of the NSGA-II-optimized sensor layout to particle filter-based natural
gas leakage source term inversion significantly improves the leakage source localization
accuracy, yielding a localization error of only 1.58 m. This represents an approximate
44% reduction in error compared with traditional grid and circular arc layouts, and
a 30.4% and 33.3% decrease relative to the layouts optimized by the MOPSO and GA
algorithms, respectively.

In addition, there exists a limitation in this study: the validation of the sensor layout
optimization and source term estimation method is only carried out under a single fixed
meteorological and leakage scenario. Future research will carry out multi-condition para-
metric analysis, including variable wind speeds, wind directions and different leakage rates,
to quantify the influence of meteorological and leakage parameters on risk distribution and
optimal sensor deployment schemes.
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