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Abstract: A chemical industry park (CIP) has a wide variety of hazardous chemicals, and once
an accident occurs, the level of danger increases geometrically, while the domino effect may bring
devastating consequences. To improve the emergency rescue capability of a chemical park and
prevent the domino effect, a certain number of emergency centers are built at sites near the park for
the purpose of rapid emergency rescue and deployment of emergency supplies. Based on this, in our
study, a siting model of the emergency center of the chemical park, which aims to prevent the domino
effect, was constructed by considering the timeliness and safety, while adopting the prevention of
the domino effect as a constraint. The NSGA-II algorithm is used to solve the siting model, and the
CPLEX method is used for the comparison. This study combines the prevention of the domino effect
with multi-objective optimization theory, which has a good and simple applicability for solving the
considered problem and can obtain solutions in line with science and reality. It also adds the risk
radius of the demand point based on the traditional siting model and proposes a model that combines
the risk and distance to reduce the risk of accidents across the whole region. Finally, the model is
applied to a chemical park in China for an arithmetic analysis to provide decision makers with a
targeted reference base for the siting of an emergency center. The experimental results show that the
NSGA-II algorithm can effectively solve the model of the emergency center in the chemical park and
outperforms the results obtained from the CPLEX solution in terms of its cost and safety.

Keywords: chemical industry park; emergency siting; multi-objective optimization; NSGA-II

1. Introduction

At present, China’s chemical and petrochemical industries have made great progress in
terms of their economic efficiency, with a steady upward trend [1]. To continue promoting
the vigorous development of the national chemical industry, large-scale chemical parks
such as Shanghai, Ningbo and Huizhou have been built and continue to emerge in medium
and small cities. A CIP is a product of the modern chemical industry that uses the industrial
agglomeration model to achieve the optimal efficiency [2]. It can reduce the infrastructure
costs and accelerate the conversion of raw chemical materials into others. Thus, the purpose
of the internationalization of the chemical industry, maximization of the economic benefits
and optimization of enterprise development is achieved. However, inside the park, the
industrial operation also incorporates a large number of pipelines used for transporting
chemical liquids, and many large storage tanks for chemical materials have been set up,
many of which are flammable, explosive, highly toxic and corrosive and carry the radiation
characteristic of hazardous materials. These hazardous sources are superimposed onto one
another because of industrial clustering, and sudden accidents such as fires, explosions,
toxic gas diffusion, toxic liquid leakage, radioactive material leakage, etc., produce great
destructiveness in the park and also threaten the safety, lives and property of people near
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the park, as well as the conditions of the surrounding ecological environment. Through the
statistics and analysis of 207 chemical accidents [3], it was found that the chemical accidents
that can produce the domino effect account for 38.6%. Additionally, the domino effect [4] is
very likely to occur in a situation of high temperature, high pressure and chemical reactions,
such as oxidation reduction, brought about by different kinds of hazardous chemicals,
which leads to the spreading of accidents affecting enterprises in the adjacent area and the
occurrence of secondary accidents, thus expanding the scale of the accidents. Since 2015,
there have been more than 10 cases of serious accidents concerning hazardous chemicals in
China. For example, in March 2019, a particularly serious explosion occurred in a chemical
park in Yancheng City, Jiangsu Province, killing seventy-eight people immediately, injuring
more than seven hundred people, and causing economic losses of RMB 1.9 billion. When a
sudden accident occurs in a chemical park, all the people in the park need to be evacuated
to a safe area immediately in order to avoid their prolonged exposure to dangerous factors,
such as thermal radiation and strong air currents, and emergency supplies from outside
the park need to be transported to the accident site so as to improve the rescue efficiency
and greatly reduce the human casualties and property damage.

However, most of the existing emergency studies have focused on the field of natural
disasters, such as earthquakes, typhoons, floods, etc., with respect to multi-objective and
multi-disaster emergency material deployment. For example, Liu et al. [5] examined
several different passage periods, minimized the total time for dispatching paths in each
period, maximized the matching of the material requirements at the distribution points and
ensured the fairness of the relief material distribution. Feng et al. [6] took into account the
efficiency and fairness and established a transportation deployment model for multiple
types of emergency supplies throughout multiple cycles, considering the transportation
cost minimization while ensuring that the first batch of emergency supplies could be fairly
deployed to the disaster sites. Li et al. [7] constructed a multi-period, two-level planning
model to solve the scheduling problem of post-disaster road network repair work, designed
a genetic algorithm to solve the model considering the maximum relative satisfaction,
and verified that the model could complete the repair of the damaged road network
before the end of the planning time horizon in the case of the Wenchuan earthquake. Yu
et al. [8] optimized the UAV path planning model using three constraints to understand
the disaster situation and immediately carry out rescue work. Ng et al. [9] designed
a model for different risk groups (children, women, elderly, etc.) and an emergency
model for the rescue evacuation of people at sea among different risk groups (children,
women, elderly, etc.) and different evacuation tools (lifeboats, rescue boats, marine robots,
helicopters, etc.). Feng et al. [10] constructed a multi-objective optimization model for
the purpose of rescue station site selection to improve the emergency response capability
of each rescue team and its efficiency in emergencies. The optimization was carried
out from three perspectives: the timeliness, economic efficiency and workload of rescue
teams. The superiority of the model was verified by heuristic methods. Huang et al. [11]
established an emergency logistics distribution path model based on uncertainty theory
and used a cellular genetic algorithm to verify the feasibility of the model, considering
the suddenness of the emergency events and the lack of historical data as a reference
in the deployment of emergency logistics. El Sayed et al. [12] extended Zimmerman’s
approach to maximize the membership and minimize the non-membership functions in the
solution model and developed a novel approach for solving the fully intuitionistic fuzzy
multi-objective fractional transportation problem (FIF-MOFTP). Sun et al. [13] designed
a multi-objective positioning emergency logistics center model for sudden disasters with
minimum total costs and the maximum satisfaction of the disaster victims. Additionally,
the IABC algorithm was proposed to effectively calculate the optimal location of the
emergency logistics center in sudden disasters, which can help the rescue time for different
rescue locations to meet the satisfaction requirements. It is also proved that the global
search capability and stability of the IABC algorithm are better than those of the ABC and
GABC algorithms. Zhang et al. [14] used a hybrid optimization algorithm of an ant colony
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algorithm and NSGA-II to design an individual correction strategy for the multi-objective
deployment of emergency supplies within a reasonable timeframe. The above studies
all took natural disasters as their emergency situations and considered the distribution
and dispatch of relief materials throughout different time cycles. Once a natural disaster
occurs, the emergency centers in multiple locations will respond to the emergency situation
at the same time and distribute a single type or multiple types of materials stored in the
emergency centers and then enter the transportation link. This emergency response model
pursues fairness in distributing the relief materials, minimizing the transportation time
and optimizing the dispatching efficiency. However, the industries in the chemical park are
complex and connected by pipelines, and the raw materials, intermediates and even the
finished products used in the park are all highly dangerous sources. If an accident occurs
in one chemical company, the domino effect will bring safety risks to the neighboring
chemical companies in the park at the same time, causing the scale of the accident to
increase geometrically. The traditional emergency response model for natural disasters is
not applicable to the emergency dispatch model of chemical parks.

In recent times, the model of multi-objective decision optimization and facility siting
has been widely used in various fields and has made good progress in public service
facilities. For example, Wang et al. [15] established a hybrid model of an open site path
considering the minimization of the post-earthquake emergency time and the minimization
of the total cost of the emergency system, and they derived several non-dominated Pareto
solution sets to provide a solution for decision makers. Elsisy et al. [16] introduced the
modified Hungarian method for solving the interval and fuzzy assignment problem. It is
used for the problem of the reuse of valuable buildings. The proposed algorithm requires
less effort and time in order to reach optimality and offers a solution based on a scientific
and realistic basis. Yu et al. [17] designed a bat algorithm incorporating a chaotic search
mechanism to establish a time-satisfied site allocation model. Burek [18] et al. developed a
multi-objective optimization model based on life cycle assessment to identify cost efficiency
optimization solutions so as to minimize the use of fossil energy and mitigate the climate
change impact of Wal-Mart’s distribution center network. A Monte Carlo uncertainty
analysis was also introduced to compare the solutions and evaluate the superiority of the
Pareto optimal solution. Tao [19] et al. raised the question of choosing the location of
market hubs to maximize the total profit based on the meeting of the market demand. The
validity of the results of the Lagrangian relaxation-based heuristic algorithm, compared
with the CPLEX solver and the Benders decomposition method, are demonstrated by a
large number of test examples. El Sayed et al. [20,21] assessed the client’s demands and
vague demand for the supply of the items, adopting an interactive approach for a bi-level
multi-objective supply chain model (BL-MOSCM). The proposed model assists the DM in
minimizing the transportation expenses and conveyance time of a large SCN. Additionally,
the paper discusses a new algorithm for generating the Pareto frontier for the bi-level,
multi-objective, rough nonlinear programming problem (BL-MRNPP). This approach is
mainly based on transforming the BL-MRNPP into a single-level nonlinear programming
problem using the weighting method and KKT optimality conditions. Additionally, it can
be applied to problems such as supply chain models, bi-level transportation models and
bi-level industrial production planning problems. Kaveh [22] et al. used an improved
genetic algorithm to optimize the siting layout of hospitals, aiming to select the points out
of hundreds of candidate locations that could achieve the best coverage. A hierarchical
analysis was introduced to limit the search space and compare the options using the
genetic algorithm and particle swarm algorithm. Hu et al. [23] constructed a dual-objective,
two-stage model for siting waste-to-energy facilities, considering the sustainability and
economic aspects of the urban environment to help the government to identify the most
cost-efficient and environmentally friendly location for siting waste-to-energy facilities
under conditions of uncertainty. Kaveh et al. [24] identified vulnerable urban infrastructure
in regard to cascading hazards and used GIS to prioritize urban areas according to the
severity of the cascading hazards. A bi-objective multi-material distribution center siting
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model was constructed under uncertainty conditions. The model was solved using an
invasive weed optimization algorithm. Wu et al. [25] used microblogging big data to obtain
public opinion information on urban stormwater flooding disasters, while constructing a
model for siting urban emergency logistics in stormwater flooding disaster situations. The
NSGA-III algorithm was used to identify the optimal deployment path of the emergency
logistics, which provides a reference for cities to cope with storm waterlogging disasters.
The abovementioned research on urban infrastructure siting is making good progress, but
emergency siting studies related to chemical parks are relatively rare. In the context of
the vast territory of China, which has the largest population in the world and dense and
complex urban planning lines, it is difficult for the firefighting and rescue forces to access the
chemical parks established in the suburbs around the cities and almost impossible to meet
the requirements for achieving the rescue within minutes. Additionally, different regions
have relatively different levels of firefighting resource allocation because of differences due
to economic and cultural factors. If the rescue is not timely, in addition to the accident point,
the enterprises adjacent to the accident point will also be affected by the domino effect,
making the situation more serious. Therefore, the establishment of multiple reasonably
sized emergency centers in the vicinity of chemical parks can aid in the immediate initiation
of the emergency response.

By referring to the above research results, it is found that there are few studies on
emergency siting in the case of chemical parks, and few of them investigate how to prevent
the domino effect in order to prevent the accident scale from expanding, and there is a
lack of targeted mathematical models. Therefore, based on the previous academic research,
this paper uses NSGA-II to solve a siting model of the chemical park emergency center
that can effectively prevent the domino effect and satisfy the timeliness, economic and
safety requirements so as to optimize the layout of the chemical park emergency center and
provide a basis for decision makers involved in siting decisions. The CPLEX method is also
introduced to verify the superiority of the NSGA-II algorithm in solving this model.

2. Siting Model
2.1. Description of the Problem

The establishment of an emergency center of a certain scale near the chemical park can
improve the rescue efficiency, shorten the emergency time and greatly help to save lives
and properties. At the same time, a reasonably located emergency center can also quickly
deploy relief supplies to prevent secondary accidents caused by the domino effect. As the
main dispatching point for rescue and relief when an accident occurs, individuals deciding
on the location of the emergency center need to consider various factors, such as safety,
timeliness, emergency costs and other factors.

If the emergency center aims to provide long-term and stable services during an
accident, it must first ensure its own safety before it can effectively carry out rescue tasks for
each accident site. The safety aspects are based on the “Design Code for Disaster Prevention
and Sheltering Places” and, combined with the layout factors of the chemical park itself,
different safety levels of the emergency center in the chemical park are obtained. A variety
of safety factors need to be considered in regard to the site selection safety factor, such as the
distance of the risk radius between the emergency center and the accident-prone area, the
proximity of water sources for a sufficient water supply, the capacity for protection against
extensive damage and wind direction problems, all of which can be used as references for
the scoring of the emergency center site selection safety factor.

In the case of a sudden hazardous chemical accident in a chemical park, if the relief is
not timely, the chain reaction brought about by the domino effect will allow the thermal
radiation, strong airflow and flying debris generated in the accident area to impact the
neighboring areas, leading to secondary accidents. Therefore, in terms of timeliness, the
emergency response needs to be carried out immediately upon the occurrence of the
accident. When deploying emergency forces for the rescue of the accident site, emergency
measures should also be carried out for the nearby potential accident sites, such as spraying
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cool water to reduce the heat radiation affecting the storage tanks and burying the leaking
chemicals with sand to prevent the further expansion of the accident scale. Additionally,
the average travel time of emergency vehicles and the maximum travel time that can be
taken to reach the accident point need to be considered in the case of a disaster.

The cost of establishing emergency centers of different sizes and capacities varies, but
regardless of the size, the cost of establishing an emergency center is relatively high; thus,
the cost of site selection is such that once the emergency center is established, the location
of the emergency center will not be changed for a long period of time. Additionally, the
number of emergency centers should be balanced according to the size of the incident, and
the costs of transportation from the emergency center to the incident point should be as
small as possible if all the incident points are covered.

In order to highlight the focus, the following basic agreement on the siting of the
emergency center in the chemical park is reached:

(a) All emergency rescue vehicles can reach the accident point, without considering
the damage to the road network.

(b) All types of emergency rescue vehicles have the same travel speed and their unit
travel costs are the same.

(c) The construction cost of the emergency response center is known and there is
sufficient financial support available for the establishment of the emergency response center.

(d) The emergency centers are distributed in a point pattern, with each point represent-
ing a site building area, and the actual distance from the emergency center to the incident
point is known.

(e) Each emergency center is capable of meeting the material needs of each de-
mand point.

2.2. Mathematical Model

The meanings of the symbols used in the modeling are as follows:
1© Decision-making variables:

yj, is a 0–1 decision variable with the value of 1 if the emergency center is established
at the candidate site j of the emergency center, and 0 otherwise.

xij, is a 0–1 decision variable with a value of 1 if incident point i is provided with
rescue by the emergency center candidate site j, and 0 otherwise.

xijk, is a 0–1 decision variable with a value of 1 if incident point i is rescued by emer-
gency center candidate site j and the rescue is provided by a vehicle of type k. Otherwise, it
is 0.

2© Subscripts
i, (i = 1, 2 . . . I) emergency accident site number.
j, (j = 1, 2 . . . J) emergency center candidate site number.
k, (k = 1, 2 . . . K) rescue vehicle type serial number.
s, (s = 1, 2 . . . S) rescue material type serial number.
3© Constants

C represents the construction cost of establishing an emergency center.
ri represents the risk radius at accident point i.
N represents the total number of sites eventually built for the emergency response center.
dij represents the distance from emergency center j to accident point i.
Mk represents the maximum number of rescue vehicles k.
θ represents the safety factor for siting emergency centers.
Ti represents the time of tank failure at accident point i.
Qk represents the unit travel speed of the rescue vehicle k.
uk represents the unit travel cost of rescue vehicle k.
demands

i represents the demand for the sth material at incident point i.
gk represents the upper load capacity of the kth type of vehicle.
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From the definition of the abovementioned modeling parameters, the siting model of
the chemical park emergency center is established as follows:

min f1 = ∑J
j=1 Cyj+∑I

i=1 ∑J
j=1 ∑K

k=1 ukdijxijk (1)

max f2 = ∑I
i=1 ∑J

j=1 θ
(
dij − ri

)
xij (2)

S.t.
∑I

i=1 ∑J
j=1 ∑K

k=1 xijk = 1 (3)

∑I
i=1 ∑J

j=1 xij ≤ ∑J
j=1 yj (4)

∑J
j=1 yj = N (5)

∑I
i=1 ∑J

j=1 dij ≥ ∑I
i=1 ri (6)

∑I
i=1 ∑J

j=1 ∑K
k=1 xijk ≤ ∑K

k=1 Mk (7)

∑I
i=1 ∑J

j=1 ∑K
k=1

dij

Qk
≤ ∑I

i=1 Ti (8)

∑I
i=1 ∑J

j=1 ∑K
k=1 ∑S

s=1 xijkdemands
i ≤ ∑K

k=1 Mkgk (9)

yj , xij, xijk ε {0, 1} (10)

Equation (1) is the objective function of minimizing the cost of siting the emergency
center, and the cost of siting the emergency center includes the cost of building the emer-
gency center and the cost of transporting the emergency vehicles. Equation (2) is the
objective function of maximizing the safety of the emergency center siting, which is de-
fined by the product of the safety factor and the distance of the risk radius. Equation (3)
ensures that each incident point can be rescued. Equation (4) ensures that only the selected
emergency center can provide rescue to the incident point. Equation (5) is the total number
of final sites for the emergency center, ensuring that only a maximum of one emergency
center can be built at each site selected. Equation (6) ensures that the distance between
the emergency center and the incident point is greater than the risk radius at the incident
point so as to ensure that the result of Equation (2) is a constant positive. Equation (7) is the
upper limit of the number of rescue vehicles of the first kind and determines the number of
vehicles that can be dispatched from the emergency center. Equation (8) is the constraint
used to prevent the domino effect. It is necessary to control the time of the travel of the
rescue vehicles to the accident point within the tank failure time. Equation (9) ensures
that the number of supplies meets the demand at the accident point. Equation (10) is the
constraint range under a given determination condition.

2.3. Tank Failure Time Formula

The constraint time in formula (11) is the time taken for the failure of the tank at the
accident point due to thermal radiation. Emergency rescue vehicles arrive at the rescue site
within the tank failure time to cool the tank by sprinkling water on and cooling the tank to
extend the failure time, thus achieving the purpose of reducing the occurrence of domino
accidents. Since the failure time involves thermodynamic and transport properties and
requires a great deal of computational time, it is difficult to obtain accurate scenario data.
Therefore, Landucci [26] obtained an equation to conservatively estimate the failure time of
the tank based on experimental data, where the equation is the thermal radiation (in units)
received by the tank at the accident point and the volume of the tank. The specific equation
is as follows:

ln(T) = −0.95 ln(Hi) + 8.845V0.032 (11)
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3. Algorithm Design
3.1. NSGA-II

The emergency siting problem is a multi-objective optimization problem containing
multiple constraints, and such problems are usually NP-hard problems, for which it is
difficult to reach an exact solution in the polynomial time. The objective function in this
paper is modified from the traditional P-median 0–1 integer programming problem, and it
is difficult to obtain the optimal solution using exact computation. Thus, the NSGA-II [27]
algorithm is introduced in this paper to solve the model. The NSGA-II algorithm is
improved by the first generation of the non-dominated ranking genetic algorithm. The
NSGA-II algorithm addresses the shortcomings of the first generation of non-dominated
genetic algorithms by improving three aspects: proposing a fast non-dominated ranking
algorithm, introducing an elite strategy and using a crowding comparison operator. It
is one of the most frequently used multi-objective evolutionary algorithms, while this
algorithm has been widely used in the literature to solve various types of multi-objective
scheduling optimization problems [28]. Moreover, its use of a non-dominated sorting
hierarchy offers the good genes a greater chance of being inherited by the next generation,
while the crowding degree strategy causes the individuals on the quasi-Pareto surface to be
uniformly distributed, maintains the population diversity, overcomes the overpopulation
and prevents the premature convergence of understanding, representing a better algorithm
with a comprehensive performance. The flow chart of the NSGA-II algorithm is shown
in Figure 1.
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3.1.1. Fast Non-Dominated Sorting

The fast non-dominated sorting algorithm merges the parent and child populations
while reducing the computational complexity, so that the new generation population is
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selected from the doubling region, allowing the best individuals in both populations to be
preserved. The fast non-dominated sorting strategy is as follows. First, for each solution p,
define two variables: (1) The domination number np, which indicates the number of
solutions that dominate the solution p. If n = 0, this means that p is a non-dominated
solution. (2) On the other hand, sp denotes the set of solutions governed by the solution
p. As shown in Figure 2, each point in the figure represents a solution of the objective
function (for ease of understanding, the objective function f2 in this paper is transformed
into the problem of finding the minimum value). Since the objective function values
of p, q and r are better than those of point a, point a is dominated by p, q and r, na = 3,
sr = {a, b, c}. Similarly, all the individuals were compared in terms of their dominance and
non-dominance relationships, as defined above, until all the non-dominant individuals
were found as the first level of the non-dominant stratum (Pareto first frontier) of the current
population. Therefore, this process continues until the whole population is stratified.
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3.1.2. Elite Strategy

The elite strategy can ensure that the best individuals in the population are not lost in
the evolutionary process and can continue to participate in reproducing the next generation
to obtain better individuals, which essentially improves the accuracy of the optimization
results. The elite strategy is as follows. First, the new generation population P(t+1) is
obtained by merging the parent population P(t) and the offspring population Q(t), and the
population size of P(t+1) is 2N. Then, the infeasible individuals in the parent population are
eliminated first after testing. Next, the different dominance layer populations are placed in
P(t+1) sequentially according to the non-dominance ranking, from lowest to highest, until
they are complete.

3.1.3. Crowding Comparison

The crowding degree comparison operator replaces the shared minor habitat strategy
and overcomes the drawbacks of the artificially specified shared parameters in NSGA,
enabling individuals in the population to extend to the entire Pareto scope and maintaining
population diversity. The crowding degree strategy is as follows. When two individuals
belong to the same non-dominated layer, the crowding degree, obtained by calculating
the crowding distance, is used to determine which of the two has the higher priority. As
shown in Figure 3, assume that the three points p, q and r are in the same non-dominated
layer. A rectangular region is created with the two solutions p and r adjacent to point q
as the vertices. The crowding distance dq of solution q is calculated using the crowding
distance formula of non-boundary individuals. Then, the algorithm is guided to search
progressing toward the uniformly distributed Pareto frontier by defining the crowding
distance comparison operator, and the solution with a large crowding distance in the same
frontier is preferentially selected to maintain the population diversity [29].
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3.2. Algorithm Solution Steps

For the site selection model of the emergency center of the chemical park, the perimeter
of the chemical park is divided into several regions, and each region is regarded as a
candidate site for the emergency center. Then, the crossover and variation operators [30]
are designed according to the characteristics of each accident point and the attributes
of each target, and then the value of each objective function is obtained by calculation.
Thereby, the search for the location of the emergency center around the accident point is
considered as chromosome multiple iterative evolutions, and the following are the solution
steps of the NSGA-II algorithm, combined with the method in this paper:

Step1: Adopt real number coding and randomly generate the initial population ac-
cording to the constraints, and then set the number of termination iterations.

Step2: Input data information on the required parameters, such as the coordinates of
the candidate emergency centers and incident points.

Step3: Calculate the objective function value of each individual in the initial population.
Perform the fast non-dominated sorting of the initial population according to the objective
function value and obtain the crowding degree of each individual.

Step4: Selection, crossover and mutation of the initial population to generate the new
generation population.

Step5: Merge the initial population with the new generation population. Then, the
mixed populations are sorted by fast non-dominance, and the crowding degree of each
individual is obtained.

Step6: Select the best number of individuals to form a new population based on their
non-dominance rank and crowding degree.

Step7: Determine whether the termination condition (such as the number of termina-
tion iterations) is satisfied. If the termination condition is satisfied, jump out of the loop; if
not, then return to Step 3 to continue the genetic operation on the population.

4. Algorithm Performance Comparison

To verify the effectiveness of using NSGA-II to solve the siting model constructed
in this paper, this section compares the results obtained using the two methods. Both
NSGA-II and CPLEX can solve siting problems with multiple constraints. CPLEX, as a
commercial optimization engine, can solve four basic types of problems, including large-
scale linear programming (LP), quadratic programming (QP), and quadratic programming
with constraint (CPLEX can be called by the environments of Matlab, Java, Python and
C++). In the case of larger models, its support for multi-threaded and distributed parallel
optimization is usually beneficial in improving the speed of the solution. Here, we presume
two emergency scenarios for the chemical parks. In Scenario 1, there are six accident
points and five emergency center candidate sites. In Scenario 2, there are 15 accident
points and 10 emergency center candidate sites. In these two scenarios, two and three
sites are selected as the final sites for the emergency center. In each scenario, the values
of the fitness functions obtained using the two methods are compared. For comparative
purposes, the two max–min objective functions are weighted here. The first objective
function is weighted by 0.7, and the second objective function is taken as the opposite value
and weighted by 0.3. For the most part, TOPSIS exchange objectives, which are clashing
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and non-commensurable, are transformed into bi-objective commensurable and, most of
the time, clashing functions. Then, the max–min [31] operator is deemed to disband the
incongruity of both criteria. This study used Visual Studio 2019 as the runtime environment
for NSGA-II and CPLEX, respectively, to design code programs for the two abovementioned
methods so as to solve the optimization problem for the siting model, and the values of the
two scenarios were factored into the siting model in the model, and the solution results are
shown in Figures 4 and 5.
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The optimal fitness values obtained by comparing NSGA-II and CPLEX after several
iterations with different generations are compared. It can be seen from Figure 4 that
the optimal solution obtained by NSGA-II is better than the optimal solution obtained
by CPLEX for Scenario 1, with six incident points and five emergency center candidate
sites. Therefore, NSGA-II outperforms the CPLEX method in Scenario 1. As can be seen
in Figure 5, the optimal solution obtained by CPLEX almost overlaps with the optimal
solution obtained by NSGA-II in Scenario 2, with 15 accident points and 10 emergency
center candidate sites, but the performance of NSGA-II is still slightly better than that of
the CPLEX method. By comparing the results of the NSGA-II and CPLEX methods by
designing two emergency scenarios for chemical parks of different scales, the effectiveness
of NSGA-II in solving the emergency center siting model can be verified.
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5. Case Study
5.1. Case Description

A chemical park in the north is used as a context with which to discuss the optimization
of the reasonable layout of the emergency rescue facilities near the park in the event
of sudden fires and explosions over the course of the industrial operations in the park.
The chemical park is mainly divided into four areas, containing gas and petrochemical,
fine processing, pharmaceutical and building materials. There are 54 known enterprises
stationed in the park, including 25 chemical enterprises, 1 gas filling and gas supply station,
and 4 gas stations. According to the actual situation of the chemical park, the specific
coordinates and material requirements of each emergency accident point are known, and
the specific information is shown in Table 1. The hazard source identification information
of each emergency accident point is shown in Table 2.

Table 1. Coordinates of the emergency accident points.

Accident Point I i1 i2 i3 i4 . . . i25

Coordinate x 6978.7 10,512.1 12,008.4 11,882.7 . . . 10,977.3
Coordinate y 3986 7016.4 6488.3 3382.5 . . . 1471.2

Material requirements 888.33 3.01 33.49 379.8 . . . 24.2

Table 2. Identification of the hazard sources at each emergency accident point.

Accident Point I Hazardous Sources Disaster Mode Risk Radius
ri/m

Failure Time
Ti/min

i1 Methanol storage tanks Pool Fire 91 8.22
i2 Acrylic spherical tank Flash fire: 1.2 m/s, Class E 1058 7.7
i3 Acrylic spherical tank BLEVE 773 7.7
i4 Mixed C4 spherical tank Flash Fire: Still Wind, Class E 810 7.62
i5 Liquid methane tank area Flash fire: 1.2 m/s, Class E 924 6.59
i6 Mixed C4 spherical tank BLEVE 694 7.62
i7 Acrylic spherical tank Flash Fire: Still Wind, Class E 1058 7.7
i8 Acrylic spherical tank Flash fire: 1.8 m/s, Class D 574 7.7
i9 Acrylic spherical tank Flash Fire: Still Wind, Class E 378 7.7
i10 Acrylic spherical tank Flash fire: 1.2 m/s, Class E 378 7.7

i11 Urea synthesis tower Diffusion of poisoning: static
wind, Class E 87 6.48

i12 Ammonia synthesis tower Diffusion of poisoning: static
wind, Class E 208 6.43

. . . . . . . . . . . . . . .
i25 EO spherical tank Flash fire: 4.9 m/s, Class C 50 7.06

Since the unexpected accident is random, the location and time of the accident cannot
be predicted in advance. At the same time, if an accident occurs in the area of one enterprise
in the park, the accident will spread if the emergency rescue operation is not carried out
before the domino effect occurs. Therefore, in order to cope with unexpected accidents and
prevent the domino effect, the layout of the emergency center site must be optimized. First,
the area around the park was divided into 18 zones. Then, 15 locations among the 18 areas
were selected as candidate sites for the emergency center, considering various safety factors,
i.e., J = 15. Ignoring the road conditions, weather and other influencing factors, the distances
between the candidate sites and each accident site are shown in Table 3.
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Table 3. Distance from the candidate emergency center to each accident point.

Accident
Point I

Site J

j1 j2 j3 j4 j5 j6 j7 j8 . . . j25

i1 3.183 3.042 4.25 5.039 5.935 6.282 7.17 6.133 . . . 1.789
i2 7.525 6.764 6.127 6.175 6.343 4.903 4.589 4.25 . . . 6.06
i3 8.121 7.145 5.948 5.736 5.633 3.777 3.122 3.045 . . . 7.217
i4 6.294 5.035 3.149 2.702 2.531 1.373 2.41 1.247 . . . 6.729
i5 5.178 4.144 3.203 3.343 3.744 3.231 3.974 2.966 . . . 4.979
i6 3.15 2.389 2.879 3.607 4.486 4.954 6.001 4.895 . . . 3.152
i7 7.199 6.709 6.65 6.92 7.299 6.205 6.096 5.621 . . . 5.112
i8 8.514 7.928 7.57 7.687 7.893 6.424 5.949 5.744 . . . 6.506
i9 6.113 5.419 5.096 5.335 5.724 4.799 4.971 4.296 . . . 4.707
i10 9.176 8.232 7.049 6.804 6.633 4.621 3.638 3.866 . . . 8.063
i11 7.093 6.073 4.855 4.688 4.68 3.097 2.941 2.452 . . . 6.464
i12 6.928 5.77 4.168 3.827 3.671 2.002 2.16 1.404 . . . 6.827
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
i25 4.921 3.554 1.192 0.618 1.212 2.608 4.189 3.041 . . . 6.358

According to the tank failure time formula (11), the shortest tank failure time for each
accident point is used as the drive time constraint, and the travel time required for the
vehicles of the emergency center to reach each accident point must be controlled within
the reachable drive range before the failure of the storage pipe. If it cannot arrive before
the failure of the storage tank at the accident point, the emergency center cannot provide
rescue for the accident point when the arrival is overdue, i.e., 0. The specific reachable
travel area information is shown in Table 4.

Table 4. Accident points reachable by vehicles.

Site J Accident Points Reachable by Vehicles before the Time of Failure of the
Storage Tank I

j1 i1, i6, i16, i18, i19, i21, i22, i23
j2 i1, i6, i13, i14, i16, i18, i19, i20, i21, i22, i23, i25
j3 i1, i4, i5, i6, i13, i14, i15, i16, i17, i18, i19, i20, i21, i22, i23, i24, i25
j4 i4, i5, i6, i12, i13, i14, i15, i16, i17, i18, i19, i20, i21, i22, i23, i24, i25
j5 i4, i5, i6, i12, i13, i14, i15, i17, i19, i20, i21, i22, i23, i24, i25
j6 i3, i4, i5, i11, i12, i13, i14, i15, i17, i19, i20, i21, i24, i25
j7 i2, i3, i4, i10, i11, i12, i14, i15, i17, i20, i24, i25
j8 i2, i3, i4, i5, i9, i10, i11, i12, i13, i14, i15, i17, i19, i20, i21, i24, i25
j9 i2, i3, i4, i5, i8, i9, i10, i11, i12, i14, i15, i17
j10 i2, i3, i4, i8, i9, i10, i11, i12
j11 i2, i3, i7, i8, i9, i10, i11
j12 i1, i2, i3, i6, i7, i8, i9, i10, i11, i16
j13 i1, i2, i5, i6, i7, i8, i9, i13, i14, i16, i18, i19, i20, i21, i22, i23
j14 i1, i6, i7, i9, i13, i14, i16, i18, i19, i22
j15 i1, i6, i16, i18, i19, i22

Through the relevant data collection, the site cost of the emergency center was deter-
mined to be 15 (CNY 15 million), i.e., C = 15. The decision maker finally decided to select
three of the 15 candidate sites as the final sites for the emergency center, i.e., N = 3.

5.2. Example Analysis

In summary, the final number of sites for the emergency center is known, while
the combination of two objective functions with a min–max adversarial relationship are
solved within the given constraints to determine the final site. The model is solved using
the NSGA-II algorithm with the WIN10 operating system. The running environment is
Visual Studio 2019, with a 4 GB internal memory and intel quad-core 2.5 GHz processor,
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and the programming language is C++. The population size is set to 100, the number of
iterations is 30, the crossover probability is 0.8 and the variance probability is 0.2. Figures 6
and 7 depict the convergence effect of NSGA-II in the two-objective case. From Figure 6,
it can be seen that the initial solutions are divided into several different frontier classes,
and most of the solutions are dominant solutions. The minimum site construction cost is
1.27 million and the maximum security value is 12,790. When the number of iterations
of the algorithm reaches the set maximum, the Pareto optimal solution is formed, and
all the solutions are non-dominated at this time. From Figure 7, it can be seen that the
minimum site construction cost using the Pareto optimal solution is USD 662,900,000 and
the maximized security value is 62,296.83, and the optimization ratio reaches 47% and 79%,
respectively. Since the Pareto optimal solution is not one obtained after multiple repetitive
tests, the advantages and disadvantages of each solution cannot be directly compared.
Therefore, five groups of Pareto optimal site construction solutions with more occurrences
were selected for the cross-sectional comparison, and the results of the five groups are
shown in Table 5.
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Table 5. Pareto optimal solution for the emergency center location.

Option Site J f1 f2

1 [j2, j4, j12] 662,994.31 62,296.83
2 [j4, j8, j12] 707,447.39 63,800.06
3 [j2, j4, j13] 727,787.67 69,213.63
4 [j4, j7, j12] 730,626.2 69,577.39
5 [j2, j3, j9] 771,998.35 73,836.97

All five emergency center siting options shown in Table 5 can reach the incident
point before the tank failure. Since the Pareto optimal solution is not unique, and each
objective function measures different criteria, it is not possible to directly compare the
advantages and disadvantages of the five siting options. Therefore, in this paper, min–max
normalization is introduced to normalize the data and linearly transform the original
data. Normalization refers to the process of correcting the data according to the changing
relationships between the relevant variables to achieve the requirement of meeting equal
needs or achieving the same purpose. Max is the maximum value of the sample data
and min is the minimum value of the sample data. The conversion function is shown in
Equation (12). The normalized values of each objective function after processing are shown
in Table 6. The normalized, processed results are analyzed using five typical weighting
coefficients, and the weighted results are shown in Table 7.

X∗= (x − min)/(max − min) (12)

Table 6. The objective function after normalization.

Option Site J f*1 f*2

1 [j2, j4, j12] 0 0
2 [j4, j8, j12] 0.4078 0.1303
3 [j2, j4, j13] 0.5944 0.5994
4 [j4, j7, j12] 0.6205 0.6309
5 [j2, j3, j9] 1 1

The results show that when α = 0, β = 1, i.e., only the safety maximization is considered
for the siting of the emergency center in the chemical park, Option 1 can achieve the target
expectation under this weighting factor constraint. When α = 0.25, β = 0.75, i.e., both
demand objectives are considered, but the priority is to maximize safety, Option 1 can
achieve the target expectation under this weighting factor constraint. When α = 0.5 and
β = 0.5, i.e., the two demand objectives are considered simultaneously and equivalently,
Option 1 can achieve the target expectation under this weighting factor constraint. When
α = 0.75 and β = 0.25, i.e., both demand objectives are considered simultaneously, but
the priority is cost minimization, Option 1 can achieve the target expectation under this
weighting factor constraint. When α = 1 and β = 0, i.e., only the cost minimization of the
siting of the emergency center in the chemical park is considered, Option 1 can achieve the
target expectation under this weighting factor constraint. The final site selection for the
emergency center in the chemical park was determined as Option 1, i.e., three candidate
sites, j2, j4 and j12, were selected as the final emergency center facility sites. Since the
accident sites i1, i6, i7, i9, and i16 are far away from the dense enterprise area on the east side
of the park, while, at the same time, their own hazardous chemical content is high, there are
also a domino effect accident characteristics. Thus, we must choose one of the candidate
sites j12, j13, j14, and j15 near these five accident sites to establish an emergency center. It is
possible to provide timely rescue and relief to these five accident sites, while the resources
of the other two candidate sites can be reasonably allocated to provide emergency services
to the dense accident sites in the southeast part of the park in a timely manner, without
causing waste of the resources and, at the same time, achieving the aim of cost control. The
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results of Option 1, obtained from the solution of the CPLEX method, are then compared
with those of NSGA-II, and the results are shown in Figure 8.

Table 7. Pareto optimal solution weighted results.

Weighting Factor Option Site J F*

α = 0, β = 1

1 [j2, j4, j12] 0
2 [j4, j8, j12] 0.1303
3 [j2, j4, j13] 0.5994
4 [j4, j7, j12] 0.6309
5 [j2, j3, j9] 1

α = 0.25, β = 0.75

1 [j2, j4, j12] 0
2 [j4, j8, j12] 0.1997
3 [j2, j4, j13] 0.5982
4 [j4, j7, j12] 0.6283
5 [j2, j3, j9] 1

α = 0.5, β = 0.5

1 [j2, j4, j12] 0
2 [j4, j8, j12] 0.2691
3 [j2, j4, j13] 0.5944
4 [j4, j7, j12] 0.6257
5 [j2, j3, j9] 1

α = 0.75, β = 0.25

1 [j2, j4, j12] 0
2 [j4, j8, j12] 0.3384
3 [j2, j4, j13] 0.5957
4 [j4, j7, j12] 0.6231
5 [j2, j3, j9] 1

α = 1, β = 0

1 [j2, j4, j12] 0
2 [j4, j8, j12] 0.4078
3 [j2, j4, j13] 0.5944
4 [j4, j7, j12] 0.6205
5 [j2, j3, j9] 1
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From Figure 8, it can be seen that the initial solution obtained by NSGA-II is better
than the initial solution obtained by CPLEX, and the optimal solution obtained by NSGA-II
is still slightly better than the optimal solution obtained by the CPLEX method. Therefore,
the performance of NSGA-II is still better than that of the CPLEX method. From the
above analysis, it can be found that the site selection result of Option 1 can enable each
accident site to be rescued before the failure of the chemical storage tanks, which will
prevent the domino effect and, thus, serious accidents. At the same time, the results of
Option 1 are obtained under the premise that NSGA-II is more effective and closer to
the target expectation after normalization. Thus, the three candidate sites of Option 1
are selected as the final site locations of the chemical park emergency center. Using the
NSGA-II algorithm to solve the multi-objective emergency center siting model of chemical
parks can obtain different Pareto solution sets, without falling into local optimum and
premature convergence, and at the same time, it takes less time to obtain feasible results in
a short time. With respect to the different decision-making judgments of decision makers,
the Pareto solution set can be quadratically analyzed by placing weight constraints on the
objectives, which enables decision makers to consider the site selection objectives from
various perspectives and provides decision makers with a targeted reference basis for the
site selection of emergency centers in chemical parks.

6. Conclusions

This paper introduces the concept of the prevention of the domino effect in relation to
the traditional P-Median siting problem, constructs a multi-objective optimization model
for siting emergency centers in chemical parks using the time for the failure of the storage
tanks storing hazardous chemicals as a constraint, and solves the siting model using the
NSGA-II algorithm to obtain an effective Pareto solution. The feasibility of the model and
the superiority of the NSGA-II algorithm are analyzed in comparison to the results of the
test cases obtained by solving the CPLEX method. At the same time, the model provides
a scientific and reasonable reference basis for decision makers tasked with choosing the
location of the emergency center in the chemical park, which is practically useful. It can
fundamentally reduce the waste of resources and avoid the loss caused by hazardous
chemical accidents of a given order of magnitude. However, there are some shortcomings
of the study. In this paper, only one kind of emergency material was considered, and
the types of emergency materials can be increased in the future. Meanwhile, there are
different kinds of hazardous chemicals, and the corresponding emergency materials must
be selected according to their characteristics. In the future, we will consider more complex
site selection planning for the deployment of emergency materials and escape routes in
the context of accidents caused by hazardous chemicals. Meanwhile, the algorithm will
be improved to enhance the efficiency of the solution. A GIS-based database of hazardous
materials and vehicles will also be considered and implemented using specific algorithms
to improve the efficiency of the algorithm in processing the initial data and facilitate direct
access to the data required for the experiment.
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