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Abstract

:

As metro systems are becoming more and more widely used, all kinds of emergencies happen from time to time. A series of cases indicate that inefficient emergency response is a dominating cause of tremendous casualties and losses. The fast and valid allocation of emergency resources after the occurrence of metro emergencies has become a key point in improving the sustainability of metro operations. However, few studies have attempted to determine the allocation of emergency resources in metro emergencies. In this study, considering the unpredictability of different emergency scenarios in the metro system, the scenario-response mode was applied in the resource allocation decision. In this mode, a metro emergency scenario framework was first constructed through the identification of metro emergency elements. Next, a multi-objective model was established for the allocation of emergency resources in the metro emergency rescue process using a scenario-based analysis. The model aims to minimize both the penalty costs due to delays and the sum of allocation costs. The particle swarm optimization algorithm was adopted to solve the model. Eventually, a fire accident scenario at Nanjing Metro was applied to verify the feasibility and validity of the presented model and algorithm. The research results not only enrich and improve metro emergency management theoretically, but also enhance metro emergency rescue ability in practice.
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1. Introduction


As an increasingly important vehicle in the city, metro is becoming one of the paramount symbols of a city’s development and prosperity. In 1863, the world’s first metro system was opened to the public in London. Subsequently, extensive metro transit networks were constructed in major cities all over the world [1]. As of 2018, metro lines had spread across 179 cities, with a total length of 14,219.36 km and more than 10,631 stations [2]. However, accidents occur during the operation of metro systems from time to time, hindering the sustainable development of society. For instance, a Moscow metro came to a screeching halt and derailed after receiving an incorrect signal in 2014, leaving 23 people killed and 160 injured. In 2016, a fire broke out at Ginza station of the Tokyo Metro during morning rush hours, causing the stagnation of 68,000 people. The variety of emergencies that have occurred shows that the accident rate of metro systems is high, and the harm that occurs is enormous due to the complexity of metro systems and the characteristics of their running circumstances.



Recently, emergency management has caused widespread concern, of which the emergency management of metro operation has become an urgent problem to be solved [3]. The effective disposal of metro emergencies is becoming increasingly important for the resilience of metro operation and thus further promotes social and economic sustainability. One of the pivotal issues of metro emergency management is emergency resource allocation [4]. Metro emergency resources are the basis and guarantee of metro emergency rescue. The contingency plans for urban rail transit operation emergencies issued by the State Council and each city of China all clarify the importance of emergency resources in emergency rescue [5]. The plans point out that the Government and operation department should strengthen the reserve of emergency equipment and resources as well as the dynamic management of resource information. Emergency resource allocation is the process of mobilizing all kinds of resources needed in an emergency [6]. Reasonable allocation of emergency resources can effectively mitigate casualties and property losses and improve the efficiency and economy of rescue work [7,8,9]. It is necessary to store and allocate emergency resources inside the metro system, not just rely on external rescue forces. Therefore, the construction of micro rescue stations in metros is the first force to respond to emergencies quickly and effectively. Metro staff can use micro rescue stations to improve the allocation efficiency of emergency resources. For example, since 1 January 2016, a total of 359 micro fire stations have been set up in the Beijing metro system, and 7000 staff have been deployed [10]. Fume extractors, smoke masks, air respirators, and other emergency resources were pre-positioned in the rescue stations in advance for allocation and use.



However, most metro emergency resource allocations are mainly based on previous experience and lack scientific theoretical guidance, which is defective. There are still many deficiencies in the system, such as the lack of plan for the resources or contradictions between supply and demand. For example, a heavy rain paralyzed the New York metro system in 2007. Lagging maintenance and deficient emergency resources plunged the whole city into chaos. The New York Metropolitan Transportation Authority (MTA), which manages public transportation in New York City, apologized to the public for failing to address the breakdown of the metro system. In 2003, an arson accident broke out in Daegu metro station in South Korea. Even though it was only a two-minute walk from the accident site to the exit, 140 people were killed and 289 injured. The main reason was the serious shortage of automatic sprinkler equipment, smoke removal equipment, and emergency searchlights. The negative allocation of resources seriously hindered the rescue operation and increased the number of casualties [11]. Therefore, it is quite necessary to study the efficient allocation of emergency resources in metro emergencies.



For a long time, emergency management has mainly adopted the forecast-response mode, that is, emergency plans are made in advance according to the forecast of possible emergencies [12]. The shortcoming of this mode is that it cannot adapt to the scenarios randomly, which leads to poor performance of emergency management. Metro emergencies are sudden and unpredictable, and are difficult to predict relying on subjective experience [13]. Therefore, it is necessary to quickly identify and analyze the real-time information of emergencies by fully understanding their structure, evolution, and mechanism, so as to make timely and effective countermeasures [14]. As a result, the scenario-response mode is gaining popularity in emergency management. The application of the scenario-response mode in the allocation of metro emergency resources is meaningful.



Following this introduction, the rest of this paper is set out as follows. Related works are reviewed in Section 2. The application of scenario analysis in metro emergency resource allocation is described in Section 3. Section 4 is devoted to describing the methodology in this study, including scenario-based model development and model solving algorithm. A multi-objective allocation model was established based upon a profound scenario analysis of metro emergencies. A detailed description of the calculation process for the particle swarm optimization algorithm is also provided in this section. In Section 5, results of a typical fire scenario based on the Nanjing metro network system illustrate the feasibility and validity of the proposed model and algorithm. The sensitivity of the objective function is analyzed as well. Finally, the conclusions and discussions are presented in Section 6.




2. Literature Review


2.1. Metro Emergency Management


There has been a certain amount of research in the area of metro emergency management. Existing studies can be divided into three aspects: Metro emergency evacuation studies, metro emergency response process, and site selection of rescue facilities. Firstly, metro emergency evacuation has achieved universal attention of many scholars in recent years [15]. There are three existing evacuation simulation models: Discrete, continuous, and multi-agent [16,17]. The optimization of evacuation routes is another direction. Research found that typical evacuation strategies have been adopted by metro passengers in accidents, for example, ripple evacuation, shortest-path evacuation, herd evacuation, and so on [18]. Furthermore, factors affecting evacuation have also received attention, such as automatic ticket checkers, stair width, walking speed, and so on [19,20]. Secondly, the emergency response process is a research hotspot for metro emergency management, mainly focusing on the detection of underlying conflicts in metro emergency response process with respect to time, order, and resources [6]. Modeling methods for the metro emergency response process have also been studied. Thirdly, rescue facility location is essentially a geospatial multi-objective optimization problem [21]. Most research has considered time and cost as the main optimization objectives. The genetic algorithm, heuristic method, NSGA-II algorithm, and algorithms integrated with geographic information system (GIS) were proposed for solving the problems [22,23,24,25]. Metro emergency resource allocation schemes play an important role in metro emergency management, but there have been few studies on it. The improvement of resource allocation performance in a more predictive manner, for instance, planning specific deployment with computational tools, is still lacking.




2.2. The Allocation of Emergency Resources


Several scholars have carried out research on the allocation of emergency resources. The initial stage of research was about the allocation of emergency service vehicles. Kolesar and Walker studied the problem of vehicle configuration in the field of city fire protection [26]. With the deepening of exploration, research flourished. The study of emergency resource allocation has slowly extended into the field of natural disasters [27,28,29,30], hazardous chemical accidents [31], railway emergencies [32], and so on. For instance, Tzeng et al. established a scheduling model with the minimal rescue time, the lowest rescue costs, and the highest satisfaction [29]. They studied the earthquake emergency resource scheduling problem with the fuzzy multi-objective programming method.



Studies concentrating on the emergency resource allocation of metro systems have rarely been done. Sun conducted a study on the distribution of resources for all disaster points. The model’s goal was to minimize the delivery time of emergency resources and it was solved with Dijkstra’s method [33]. Liu divided the problem of metro emergency resource allocation into two stages: Static and dynamic. The model of each stage had different goals, including having the earliest response time and the least rescue stations [34]. However, these studies paid more attention to the formation and calculation of mathematical models. The features of the metro system and different metro emergency scenarios have been described less frequently and have not been targeted enough.



The use of modeling techniques in emergency resource allocation is increasing. Researchers tend to use models as support to give indications to decision-makers. The reviewed models involve static models and dynamic models according to whether the parameters change over time. With regard to static models, a two-stage stochastic programming model was exhibited in earthquake disasters to allocate first-aid resources [27]. Ni et al. built a model combining site selection, emergency inventory pre-positioning, and emergency resource allocation in a relief network that was characterized by the uncertainty of emergency sites and the road capacity. The application of this model was illustrated by the 2010 Yushu earthquake in Qinghai province [30]. As for dynamic models, dynamic distributed constraint conditions were proposed to account for the dynamic and distributed nature of emergency rescue resources to enhance the distribution of emergency resources [35]. Zheng et al. regarded resource allocation as a multi-stage and non-cooperative game process targeted at minimal losses. A dynamic multi-resource allocation model was put forward, and an improved cuckoo search algorithm was designed to work out the problem [32].



Many real-world problems actually involve simultaneously optimizing objectives, such as the minimization of costs, the maximization of satisfaction, the maximization of reliability, and other objectives [36]. In the area of resource allocation research, Suleyman and William argue that emergency resource allocation is essentially a multi-objective optimization problem under various constraints [37]. Many scholars have established models with multiple objectives as well. Generally speaking, in most models, the shortest resource allocation time [31], the minimization of the total allocation costs, or the minimization of penalty costs caused by delayed rescue remain key pursuits [38,39,40]. For example, Wang et al. introduced a multi-objective problem aimed at having the earliest start time for the whole emergency process and minimal total resource costs for the disaster area [41]. Paul et al. formulated a two-stage stochastic programming model to minimize four kinds of costs in hurricane rescue, including the commercial logistics costs, deprivation costs, suffering costs, and construction costs. The proposed method provided policymakers with a wise emergency response plan [40]. Huang et al. focused on the minimization of three objectives in disaster response operations, which were life-saving utility, delay cost, and fairness. A variational inequality algorithm was implemented to solve the model [42]. These models have some implications for our research, such as the related parameters as well as objective considerations.




2.3. Scenario Analysis Theories


The word “scenario” was first put forward by Kahn and Wiener in 1967. They stated that the term “scenario” represents situations which contain factors that promote the development of events. The basic idea of scenario analysis is that the uncertainty of the future is inevitable, but some aspects of future events are predictable [43]. In the field of emergency management, there has been some research using scenario analysis. Chang et al. defined scenarios of disaster occurrence as the possible realization of parameters of unknown problems, and they extracted different flood scenarios by utilizing the network analysis and data processing functions of GIS [44]. Mete and Zabinsky studied earthquake scenarios and included certain disaster information in each earthquake scenario, such as emergency resource demand and emergency response time [39]. Rawls and Turquist took historic data from 15 hurricanes as the basic data for constructing scenarios. They constructed 51 hurricane scenarios, and defined scenarios from three aspects: Post-disaster forecast demand, post-disaster proportion of available storage, and post-disaster road capacity [45].



Scenario analysis has also been applied in metro emergency management. For example, according to the characteristics and actual need of metro emergency fire scenarios, Zhang, et al. divided the analysis into three stages, namely, the start of the dangerous phase, dangerous disposal, and the recovery operation phase. The quick scenario information collection and real-time information report allow rescuers to learn more about fire events in an orderly way [46]. Liu constructed a scenario element model with four elements, including disaster body, disaster victims, disaster breeding environment, and disaster resistant bodies. The emergency resources needed in the emergency rescue process were also deduced from the element model [47]. However, these studies focused on early scenario analysis and did not use the analysis for the follow-up scenario response procedures. A particular scenario requires a particular response.



As can be seen, the construction and analysis method of emergency scenario is a valid means of disaster disposal. In the field of emergency management, this method can be used to obtain a series of elements and events that lead to the system’s development from the current situation to the future and to help to find feasible solutions. The number and types of emergency resources required in different disasters are different. Although it is difficult to predict in advance, scenario analysis can be used as a basis for assessing the needs of emergency resources as well as to determine the configuration and allocation of emergency resources. In this way, the originally stochastic rescue demands become predictable under given scenarios. Thus, the resources can be allocated pertinently to avoid worse consequences. Moreover, the application of scenario analysis makes it easier for professionals with specialized domain knowledge to discuss the emergency schemes. The application of scenario analysis in metro emergencies will make sense.




2.4. Review Summary


After reviewing the related work above, we concluded that metro emergency management is a complex and systematic problem and that metro emergency resource allocation is one of the significant components of it. Although previous work is instructive, there are some gaps. Firstly, previous studies of emergency resource allocation have concentrated on areas other than metro systems; despite that, it is a key component. There are few studies focusing on the emergency resource management of metro systems. Secondly, even though some studies have been conducted on metro emergencies, most of them focused on the improvement of models and algorithms and simplified the characteristics of metro circumstances and the analysis of emergency scenarios. They considered all the situations in general and did not design the resource allocation plan according to the specific scenario of the metro accident. Therefore, these studies might not adequately reflect real emergency situations and were full of uncertainty. Emergency resource allocation models are demand-oriented, while resource demand methods are scenario-oriented. More effort should be made to study metro emergency resource allocation by better combining abstract mathematical model language with practical scenarios to facilitate metro emergency management. To fill the gaps above, we developed a multi-objective model for resource allocation during metro emergencies on the basis of scenario analysis and applied this methodology to Nanjing Metro.





3. The Application of Scenario Analysis in Metro Emergencies


The metro emergency scenario is a description of all of the state factors involved in the occurrence and development of metro emergencies. Metro emergency scenario analysis is the foundation of scenario-based emergency resources allocation. In view of the characteristics of metro emergencies, the demand for emergency resources at disaster sites is very urgent and a wide range of resources need to be deployed. However, accidents may happen at any time in real metro systems. The location, time, and intensity of accidents are hard to forecast [48]. In order to integrate the internal and external metro system resources in a targeted way and make optimal decisions within a restricted time period while dealing with uncertainty, it is necessary to build an emergency scenario model in order to achieve rapid information transmission and orderly emergency response procedures.



3.1. Classification of Metro Emergencies


Figuring out the classification of metro emergencies and emergency resources is the premise of scenario analysis. According to the causes of accidents, metro emergencies can be divided into the following categories: Natural disasters, production safety, social security, and public health. Natural disasters are caused by unavoidable geological and meteorological disasters, such as earthquakes, floods, etc. The causes of production safety emergencies mainly include the following: Firstly, management and organization, such as the unsafe thoughts and behaviors of metro employees. Secondly, equipment technology, such as aging power supply systems and malfunction of signal system. Various kinds of fire, explosion, derailment, collision, and other major production safety accidents are caused by such faults. Social security emergencies are mainly caused by human factors aimed at disrupting public order, like arson, terrorist attacks, etc. They also encompass unsafe actions of passengers, such as jumping off the platform, congestion, carrying inflammable and explosive items, etc. Public health emergencies are mainly caused by biochemical and radioactive contamination, major epidemics, and so on.



According to statistics of major metro accidents from 2000 to 2019, among the metro accidents in previous years, the rate of metro fire (including explosion) has been the highest, accounting for 22.86%. The second was train crashes (including rear-end collision) accident which reached 20.00%. The third is crowded stampedes, making up a proportion of 17.14% [49].




3.2. Classification of Corresponding Emergency Resources


According to the different rescue tasks of emergency resources, they can be divided into three categories, namely, site management and support resources, life rescue resources, engineering rescue and professional disposal resources [50]. Site management and support resources mainly include the resources needed to maintain the emergency site and advance rescue process. Life rescue resources focus on people, mainly including resources related to search, rescue, and medical treatment in emergency response. Engineering rescue and professional disposal resources refer to all kinds of tools and equipment for maintaining electric, communication, and professional equipment in the metro system. According to this classification, a part of the emergency resources needed in the four metro emergency types are teased out in Table 1.




3.3. Scenario Analysis of Metro Emergencies


The metro emergency scenario element system consists of two levels. Firstly, the main elements covering the states of metro emergency were extracted and determined. Secondly, the detailed scenario elements of metro emergency were extracted. For better information transmission, the representation needed to follow the same logical framework. Any change in the status will cause variation in the scenario elements.



The first level of the emergency scenario system was constructed from seven dimensions, which were event, passenger, time, location, environment, demand, and supply. The extraction of the seven dimensions were determined and classified from two aspects: Practical disposal regulations and existing studies on metro safety management.



From the practical view, as mentioned in the contingency plans for urban rail transit operation emergencies issued by the Chinese State Council, dynamic information of metro operation emergencies should be continuously released. The information should include time, location, cause, accident type, casualties, rescue progress, range, regional traffic conditions, and other information, which are key elements of an emergency scenario in the metro system.



From the literature view, different scholars have different research emphases and put forward different scenario elements. Fan classified scenario elements into emergency, disaster victims, and emergency management [51]. Wu divided the elements into disaster body, disaster victims, disaster breeding environment, and disaster resistant bodies [52]. Han et al. organized the scenario system from the aspects of society, environment, technology, public sentiment, resources, organization, and casualties [53]. Considering the complexity of the metro emergencies, the causing-bearing-breeding-fighting chain was applied in the scenario analysis according to the development of an emergency. Causing refers to the event dimension. Bearing covers the passenger dimension and location dimension, which suffer from the accidents. Breeding includes the environment dimension and time dimension, which may have an impact on the implementation of rescue. Fighting refers to the demand dimension and supply dimension, which is the response to the metro emergency. Therefore, the scenario element system of metro emergencies can be built, consisting of the seven dimensions mentioned above. Furthermore, the sources of each scenario element of the second level are summarized in Table 2.



As for the second level of the scenario element system, the event dimension includes elements such as emergency type, event cause, influence range, and event stage. Among the elements, the influence range element can be further subdivided into the estimated operation interruption time, the number of fatalities, the number of wounded, and property loss. When a practical emergency is described, the attributes of the influence range are often not exact values but are estimated values or even estimated intervals. The stage element can be described as the initial stage, middle stage, and end stage.



The passenger dimension can be divided into the passenger flow volume, passenger flow density, and number of stranded people. As passenger transport is the core task of urban metro operation, and because the distribution of passenger flow shows distinction and complicacy, passenger flow information is very critical [56].



The time dimension includes the occurrence time, current time, passenger flow period, and special date. The passenger flow period element can be split into peak period, secondary peak period, and non-rush period. Special date refers to weekends and holidays [57].



The location dimension can be represented by the line, station, station type, and specific spot. The station type element contains the transfer station, terminal station, and normal station [59]. The specific spots include places such as carriages, platforms, gate machines, ladders, and tunnels.



The environmental dimension mainly refers to weather information. Weather is a factor which should not be overlooked when encountering severe weather such as sudden rain and snow, typhoon, and flood [63]. The weather information includes current weather and future weather.



The demand dimension can be represented by resource demand location, resource type, and demanded resource quantity.



The supply dimension can be represented by resource storage location and resource inventory quantity.



Thus, a two-level scenario element system of metro emergencies can be built.




3.4. Logic Framework


To sum up and to lead to the following sections, the logic framework of the scenario-based resource allocation model for metro emergencies is demonstrated in Figure 1.



As is shown in Figure 1, the key elements and the relationships between the elements of the metro emergency scenario can be found. The different parts of the causing-bearing-breeding-fighting mode are separated by different colors. Where emergencies occur is generally where resources are needed. The types of resources are based on the event element. The numbers of each demanded resource by the disaster site are based on the event element and the passenger element of the metro emergency scenario. Once the demand has been identified, the resource storage location and resource inventory need to be further pinpointed. The unit cost of each emergency resource allocated from the rescue points consists of two parts: The use cost and transport cost. The use cost depends on emergency resource type and the transport cost depends on transport distance.



Using geographic information, the estimated values of distances from the rescue points to the disaster point can be given. Thus, the estimated transport time of emergency resources can be inferred by combining the distance information with the driving speed of the rescue vehicles. In practical terms, the transportation of emergency resources will be affected by road conditions. Rough weather and traffic jam at rush hours both postpone the allocation. The transport time can be adjusted by corresponding coefficients under these negative conditions. Rough weather may also aggravate metro emergencies.



The methodology of this study is based on the scenario-response mode in which the optimal emergency response decisions are made according to scenario analysis. In the scenario-response mode, emergency resource demands and other necessary information can be derived from scenario analysis and then optimization decisions can be made based on the obtained information. The change of scenarios can be realized by changing the element values in the universal scenario system. The decisions also change as the scenarios change. Based on the elements obtained from the scenario analysis, the fourth section describes the establishment of the multi-objective model related to the minimization of penalty costs due to delays and the minimization of the sum of allocation costs, which can output a nearly-optimal resource allocation scheme that satisfies the requirement of the two objectives. The transport time and the unit cost of emergency resources are two dominating modeling parameters. Some scenario elements are directly input as state variables such as the station, resource type, resource inventory, and so on. Other elements not only provide a basis for decision makers to formulate the disposal plan, but also provide a rich historical database for research in the field of metro safety management which allows easy access and seamless collaboration.





4. Resource Allocation Model for Metro Emergencies


4.1. Model Development


4.1.1. Explanation of Hypothesis


(1) Based on scenario analysis, the location of the emergency event, the location of the alternative emergency rescue stations, the event scale, and other necessary information are already known.



(2) The emergency transportation time from each rescue point to the disaster point can be determined after comprehensive consideration of weather, road condition, and distance.



(3) It is assumed that only the road transport method is used, and the constraint of vehicle capacity is not considered.



(4) The loss caused by non-timely rescue in the initial emergency response stage is not considered.




4.1.2. Modeling


The descriptions of variables and parameters assumed in the mathematical model are displayed in Table 3.



Taking an overall view of the issue, the mathematical formulation of the allocation model is expressed in the equations as below:


  min   ∑  k = 1  w     ∑  i = 1  n    β i      ⋅  x i k  ⋅  (   t i  − T  )   



(1)






  min   ∑  k = 1  w     ∑  i = 1  n    c i k      ⋅  x i k   



(2)






  s . t .  {      ∑  i = 1  n    x i k    ≥  d k  , k = 1 , 2 , ⋯ w      x i k  ≤  p i k  , k = 1 , 2 , ⋯ w , i = 1 , 2 , ⋯ n       ∑  i = 1  n    λ i  ⋅    x i k  > 0 , k = 1 , 2 , ⋯ w      x i k  ≥ 0 ,  x i k  ∈ N      



(3)








4.1.3. Model Analysis


In a metro emergency scenario, the timeliness of rescue service and economic factor were selected as optimization objectives. As for the timeliness objective, the time taken for metro emergency resource allocation is a mandatory rule to some extent. Various countries list the emergency rescue time in their standards, such as the American standard for fixed guide way transit and passenger rail systems. Nanjing Metro released a flowchart of emergency rescue, showing the required time taken by each emergency link, such as for failure notification, arrival of emergency vehicles, and other activities. The efficiency of resource allocation directly determines the emergency capability of the metro station in response to various emergencies, which is of great significance for the smooth implementation of disaster control and emergency activities. Therefore, time was chosen as an important modeling objective.



The economic objective is the other factor that deserves consideration. At present, in the process of urban metro emergency management, large instruments and emergency vehicles are usually set up in fixed bases. Regular emergency resources are stored at some but not all metro stations. In the process of resource allocation, it is also necessary to weigh the relationship between allocation cost and rescue performance. On the premise of meeting disaster relief demand, reasonable planning of rescue cost is conducive to realizing maximum efficiency of resources. Under the current economic and technological constraints, unrestricted allocation will result in a waste of resources. In actual recue activities, the time factor is prior to the economic factor.



(1) Objective Function Analysis



Objective (1) is the minimization of penalty costs due to delays of emergency resources to the disaster site, indicating the timeliness of rescue.



The time for emergency resources to reach the disaster site may exceed the emergency limit time, leading to situations where certain types of emergency resource requirements are not met. Accordingly, there will be losses which should be kept as small as possible. The penalty cost is aimed at measuring the losses caused by the delay of emergency resources. The concept of penalty cost has appeared in previous studies on emergency resource allocation. Sun and Pan mapped the loss costs to the length of delay time and established a mathematical model aiming at the minimum number of rescue points and the minimum loss costs [65]. Yu et al. defined the penalty cost as a linear function of the difference between the demanded quantity and supplied quantity to assess the loss caused by disasters [66]. As can be seen, the penalty cost not only reflects the urgency of emergency rescue, but also reflects the damage to the system. It makes the seemingly immeasurable losses quantitative.



In this paper, the penalty cost is the product of the penalty cost coefficient βi, the allocation quantity of each emergency resource xik, and the delayed time (ti − T), which can be represented by this expression:


    ∑  k = 1  w     ∑  i = 1  n    β i      ⋅  x i k  ⋅  (   t i  − T  )   



(4)







The value of βi was set according to an investigation to several experts implemented by another researcher [64]. The investigation evaluated different levels of the costs of property damage and casualties due to resource delays. There were totally five levels according to the length of the delay time. The value of βi varies according to different delay time of the resources. The coefficient increases sharply as the delay time is close to the bearing limit of the disaster point. The value of βi requires to be further defined during actual use.



In rescue activities, time is the most dominant factor. Timely assistance signifies that more lives can be saved, and the damage can be reduced [67]. Therefore, decreasing losses from delays in emergency resources should be the most important rescue objective.



Objective (2) shows that in the process of metro emergency rescue, the economic factor is also analyzed. Having minimal allocation costs is regarded as the second goal.



(2) Constraint Function Analysis



In constraint condition (3), article 1 indicates that the total number of type k resources supplied by the activated rescue point ought to meet the demands of the disaster point; article 2 shows that the amount of type k emergency resource allocated from Si is less than its inventory; article 3 indicates that at least a portion of each kind of resource should reach the disaster site within the emergency time limit; and the fourth factor is the non-negative constraint and integer constraint on decision variables.



(3) Model Transformation



The proposed model is a double objective optimization and the aim of the two goals is to achieve their minimum values. In order to construct the fitness function in the algorithm, the multi-objective optimization problem is transformed into a single-objective one. F1(x) is the function used to represent objective (1), and F2(x) is used to represent objective (2). η1 and η2 are weight coefficients. Therefore, the transformed single-objective function F(x) is:


  F ( x ) =  η 1   F 1  ( x ) +  η 2   F 2  ( x ) =  η 1    ∑  k = 1  w     ∑  i = 1  n    β i      ⋅  x i k  ⋅ (  t i  − T ) +  η 2    ∑  k = 1  w     ∑  i = 1  n    c i k  ⋅  x i k       



(5)







There are many methods that can be used to determine the values of η1 and η2. Subjective weighting methods include the analytic hierarchy process (AHP) method, and the Delphi method, and objective weighting methods chiefly include the dispersion method, principal component analysis method, and entropy method [68].





4.2. Model Solving Algorithm


There are several ways to seek the optimal solution such as the ant colony algorithm, Dijkstra’s method, cuckoo algorithm, and genetic algorithm. Particle swarm optimization (PSO) is a biologically inspired method [69], which performs well without the influence of population size and converges very quickly to the optimal solution [70]. Based on its advantages over other algorithms and its suitability to this problem, the PSO algorithm was chosen to solve the proposed model.



The parameters of PSO algorithm include the population size N, the dimensions of the search space D, the self-cognition coefficient c1, the group-cognition coefficient c2, the maximum number of iterations Tmax, the maximum position coordinate value xmax, the maximum velocity Vmax, the upper bound of inertia weight δmax, and the lower bound of inertia weight δmin.



The PSO algorithm adopts the velocity-position search model, which is based on particle search in the solution space. In each iteration step, the algorithm is carried out by adjusting the moving distance rate of each particle in each dimension of the solution space. Therefore, each particle has two characteristics, which are position and velocity. Xid(t) is the position vector. The function value of the position coordinate is used as the fitness value of the particle. The maximum position coordinate value xmax represents the maximum distance over which a particle can search. Vid(t) is the velocity vector, representing the velocity of the ith particle in the dth dimension of the solution space. The velocity determines the displacement of each iteration of each particle in the search space, namely step size [71]. The particle rate updating formula contains random variables, which may produce a large velocity value in the iteration process. Consequently, the particles may run out of the solution space and generate damped vibration. In order to avoid this phenomenon, the upper and lower limits of velocity can be defined [72]. Vmax is equivalent to the maximum value of each forward step. The settings of Vmax depend mainly on the optimization precision. If Vmax is too large, the particle may run unsteadily. The search process will be too fast to find the optimal solution. On the other hand, if Vmax is too small, the motion of the particle will be limited, and the optimal solution might not be obtained. Previous research suggested that it should ideally be less than 20% of the maximum search space [73].



The computational process is illustrated in Figure 2. In every iteration t, by searching for the individual extreme value pi and the global extreme value pg of the fitness values, the speed and position of each particle are constantly updated and the fitness values are compared until the optimal solution is finally found. The update formulas are shown below:


   V  i d    ( t ) =  δ ( t ) ⋅  V  i d   ( t ) +  c 1  ⋅ r a n d ⋅ (  p i  −  X  i d   ( t ) ) +  c 2  ⋅ r a n d ⋅ (  p g  −  X  i d   ( t ) )  



(6)






   X  i d    ( t ) =   X  i d   ( t ) +  V  i d   ( t )  



(7)







Rand refers to a random number between [0,1]. δ(t) represents inertia weight. The PSO algorithm tends to fall into local optimality. So, to balance the global search capability and partial improvement capability of the PSO algorithm, the nonlinear dynamic inertia weight introduced in previous studies was adopted [74,75]. As can be seen from formula (7), the inertia weight δ(t) changes automatically with the change of iteration.


  δ ( t ) =  {     δ  max   − (  δ  max   −  δ  min   )   (  t  0.8  T  max     )   0.2   , 1 ≤ t ≤ 0.8  T  max        δ  min   , 0.8  T  max   ≤ t ≤  T  max        



(8)







The model proposed in Section 4.1.2 is a linear integer programming problem with constraints, and its algorithm elements are as follows: There are n emergency rescue stations, one disaster point, and w kinds of emergency resources, so the dimensions of the search space are n × k. When designing the algorithm of this model, X = (x [i,1], x [i,2], …, x [i,D])T and V = (v [i,1], v [i,2], …, v [i,D])T can be used to represent the position and velocity of the ith particle. X, which represents the number of the emergency resources allocated, is the solution to this problem. The fitness function is,


  F ( x ) = (  η 1   F 1  ( x ) +  η 2   F 2  ( x ) )  



(9)




which is determined by the optimization objective. The optimal solution of the fitness function when the algorithm terminates is the optimal solution of the model.





5. Case Study


5.1. Scenario Description


As of 2019, Nanjing Metro had opened 10 lines and 174 stations and had a total length of 378 km, ranking the fourth largest in China and the fifth largest in the world. Based on the scale and nature of the Nanjing rail transit network, this section applies the proposed model to the Nanjing metro network and determines the allocation of emergency resources under a hypothetical emergency scenario. A typical fire scenario caused by electrical equipment failure is considered to verify the proposed methodology.



According to the contingency plan of Nanjing Metro operating company, the emergency response time should be no more than 20 min. According to the road traffic situation in Nanjing, the average driving speed of an emergency rescue vehicle is approximately 40 km/h under normal circumstances, and this is the pre-requisite for this case.



Based upon the line structure of the metro system, the stations within the system were mapped as nodes of the network. The intervals between two stations were abstracted as the edges between nodes. In emergencies of certain scale, a single emergency rescue station is usually unable to meet the needs of a single disaster point. Therefore, the combining optimization of multiple emergency rescue stations was considered to ensure overall coordination of rescue resources allocation. Five emergency rescue stations were taken as alternatives for practical application: S1, S2, S3, S4, and S5, respectively. The disaster point was assumed to be Andemen station. The specific distribution is illustrated in Figure 3.



Figure 4 illustrates the scenario element system of the fire accident assumed for this case study, from which we can intuitively see the specific scenario information of all seven dimensions of the fire accident. Emergency resources can be allocated according to the extracted scenario knowledge displayed. Some of the data are predicted values, which were used for computational reference. In order to simplify the calculation, a unified quantification unit was used. As for the demand dimension, we assumed that three kinds of emergency resources needed to be deployed after this emergency, namely, the gas mask w1, emergency searchlight w2, and fume extractor w3. The number of gas masks required by the disaster site is presented as d1. We assumed that sufficient emergency supplies had been pre-positioned in the corresponding rescue points at an earlier stage. The number of gas masks, emergency searchlights and fume extractors stored in rescue point S1 are denoted as p11, p12, and p13, respectively. The rest can also be expressed in this way. Moreover, the estimated value of transport time from each rescue point to the disaster point and the unit costs of all kinds of emergency resources stored at each rescue point are also provided in Figure 4.




5.2. Computational Results


The computer used to solve the problem was installed with the Microsoft Windows10 system. MATLAB was used for programming. The programming consisted of the initialization of parameters, calculation of the fitness value, updating of particles’ speeds and positions, termination, and other main modules. In view of the superior influence of the time factor in rescue work, the weight coefficient η1 of the first target was set as 0.70, and the weight coefficient η2 of the second target was set as 0.30. To ensure global optimal search and convergence of the PSO algorithm, concrete setting values of the parameters are shown in Table 4. The maximum position coordinate value xmax was set to 250. According to the description in Section 4.2, the maximum velocity Vmax was set to 10 accordingly. The upper and lower boundary values of the inertia coefficient were set to 0.9 and 0.4, respectively. The self-cognition coefficient c1 and the group-cognition coefficient c2 were both set to 1.424 [76]. After running the program, the optimal solution was obtained.



The results represent the numbers of three kinds of emergency resources provided by the five rescue points to the disaster site E. The final optimal allocation scheme is presented in Table 5.



As visualized in Figure 5, the number of emergency rescue stations launched is 3: S1, S3, and S4. One hundred gas masks, 25 search lights, and three fume extractors are allocated from the rescue point S1 to the disaster point E. Two hundred gas masks, 50 search lights, and nine fume extractors are allocated from the rescue point S3 to the disaster point E. Sixty-eight gas masks and 11 search lights are allocated from the rescue point S4 to the disaster point E. Under this allocation scheme, not only the demands of all the three types of emergency resources are met, but all the resources are also transported to the disaster point E as soon as possible. The penalty cost due to delays is 0 and the sum of the allocation costs is also the lowest. The optimal value of the fitness function F(x) is 6269.




5.3. Sensitivity Analysis


The expression of the sensitivity function is,


  F ( x ) =  η 1    ∑  k = 1  w     ∑  i = 1  n    β i      ⋅  x i k  ⋅ (  t i  − T ) +  η 2    ∑  k = 1  w     ∑  i = 1  n    c i k  ⋅  x i k       



(10)




which is the same as the fitness function as well as the previous transformed single-objective function. N is the number of rescue points, and w is the number of emergency resource types. The descriptions of other parameters can be found in Section 4.1.2. The value of F(x) may vary with the different values of parameters. Therefore, the purpose of the sensitivity analysis is to evaluate the effects of certain parameters on the rescue performance. It can be inferred from the expression of F(x) that the smaller the value, the better the rescue performance, indicating less time and lower costs. In this section, sensitivity analysis was conducted by changing the number of rescue points and the number of resource types while other factors did not change as the number changed. The results of sensitivity analysis are illustrated in Figure 6.



As can be seen from the graph, there is a steady decrease in the optimal fitness value while the quantity of rescue points grows from one to five, indicating that properly adding the quantity of rescue points can improve the rescue performance. However, as the number continues to rise from six, the fitness value remains the same. It can be inferred that having too many rescue stations is not only ineffective for improving rescue performance but also decreases the stability of rescue stations, making it troublesome when there is a disaster elsewhere. Therefore, it is vital to select a reasonable number of emergency rescue points. The graph shows that the best number of rescue points for the scenario above is six.



The other curve shows a stable upward trend, showing that increasing the types of resources has a negative effect on both the rescue time and rescue cost. When the number of emergency resource types increases from one to three and from four to seven, the rise of fitness value is slight. There is a relatively sharp increase when the number rises from seven to ten. The results show that if it is necessary to allocate many kinds of resources, the urgency of the resources could be ranked. Decision makers can prioritize the allocation of more urgent resources. In terms of sensitivity, it can be seen from the slope that the sensitivity of the number of emergency resource types is superior to that of the number of rescue points.





6. Discussion


There are few existing studies focused on the emergency resource allocation of the metro system. Under the background of frequent metro emergencies, these findings are significant for decision makers to identify the influencing elements and to enhance the efficiency of emergency rescue. Previous research has established different mathematical models. However, these studies ignore that the emergency resource allocation may be affected by accident types, passenger volume, and other factors of the metro system, which is full of uncertainty. This study introduces the concept of the scenario-response mode. The use of scenario analysis is advantageous compared to previous studies, which is not only targeted at the metro system but also provides the basis for the allocation decision. The emergency type corresponds to the resource types. The numbers of each demanded resource are based on the event element and the passenger element. The location determines the transport distance. The subsequent model establishment and decisions are based on the scenario system. This study suggests that the scenario-response mode is a valid means of disaster disposal.



Furthermore, the case study only considered a fire scenario in the Nanjing Metro. It should be pointed out that the model proposed in Section 4 holds true for most emergency scenarios of the metro system such as derailment, collision, and stampede. When other types of emergency take place, the corresponding emergency data and state in the scenario system need to be changed as the input of the model. However, the model assumes that there is only one disaster point and all the resources need to be allocated to the same station. The increase of disaster points will lead to the change of the expressions of the model as well as the increase of dimension of the search place. Therefore, the model does not apply to accidents with multi disaster points such as flood and earthquake. Given that the scenario element system is standardized, and metro emergencies are common concerns for all countries, the proposed system and model would be suitable for the emergency resource allocation in all metro stations.




7. Conclusions


In view of the ever-increasing necessity on metro safety, emergency resource allocation has become one of the important issues in metro emergency management. Due to the sudden and complex nature of metro emergencies, the scenario-response mode was applied in the allocation decision in this paper. This mode included a scenario analysis of metro emergencies and an optimization model for emergency resource allocation on the basis of the scenario analysis in response to potential metro accidents. By taking the Nanjing metro network as an example, a fire accident scenario was considered, and the feasibility and validity of the model were demonstrated. The sensitivity of the fitness function was analyzed to provide a deeper understanding. The following conclusions are drawn from this study:



(1) A two-level scenario element system of metro emergencies was established. The first level consists of seven dimensions extracted from practical cases and previous studies, which are event, passenger, time, location, environment, demand, and supply. The second level consists of more detailed scenario elements of each dimension. By considering the different emergency types and obeying the causing-bearing-breeding-fighting chain according to the development of an accident, the proposed scenario system is characterized by the metro and can reflect the relationships between each element.



(2) The scenario-response mode is conducive to improving the efficiency and overall level of emergency decision-making in the metro system. It is of great significance to determine a rational emergency resource allocation scheme based on emergency scenarios. The construction and analysis of emergency scenarios help to sort out the elements immediately and accurately after the accidents, which provide the references and state variables for the formulation of response plans. Besides, the use of the PSO algorithm enables fast and automatic calculation of best solutions under urgent scenarios.



(3) Optimization ideas and tools for the allocation of emergency resources after metro emergencies were provided for decision makers. The proposed method can be set as the modules of the emergency decision-making platform in the metro system. The emergency scenarios serve as the input end and the emergency resource allocation schemes serve as the output end. Through algorithm calculation, the response scheme can be quickly determined. Furthermore, the disaster monitoring and reporting system can be applied in the platform for real-time warning. Remote sensing and geographic information system (GIS) can be used to identify and extract scenario objects and elements. Big data and data base can be used to calculate resource demand. The weather prediction system can also be inserted to obtain current and future weather information. Thus, the automatic emergency allocation is realized.



Meanwhile, there are some limitations of this research. Firstly, there is a deficiency of comprehensive and real data of metro emergencies. Future research may collect more data from practical emergencies. Secondly, the model established in this paper is generally effective for most cases of the four types of accidents, but it is mainly aimed at single point accidents which have a higher occurrence rate, leading to limited generality of the model. Determining how to reasonably distribute emergency resources in multi-point metro accidents is a problem that needs further study.
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Figure 1. Logic framework of the scenario-based resource allocation model for metro emergencies. 
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Figure 2. The flowchart of particle swarm optimization (PSO) algorithm. 
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Figure 3. The diagram of rescue points and disaster point. 
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Figure 4. The scenario element system of the fire accident. 
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Figure 5. The diagram of the optimal emergency resource allocation scheme. 
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Figure 6. The curves of sensitivity analysis. 
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Table 1. The corresponding emergency resources needed in different metro emergencies.






Table 1. The corresponding emergency resources needed in different metro emergencies.





	Metro Emergency Types
	Site Management and Support Resources
	Life Rescue Resources
	Engineering Rescue and Professional Disposal Resources





	Natural disasters
	Meteorological monitoring equipment, aftershock monitoring equipment, emergency searchlight, gunny bag, cordon, intercom, fluorescent indicator rod.
	Ventilator, life detector, stretcher, guide rope, first-aid kit, safety helmet, bandage, raincoat, life jacket, toothless saw, chain saw, glare flashlight, lifeboat.
	Electric equipment inspection car, emergency pump, high-power drainage equipment, emergency tool kit.



	Production safety emergencies
	Cordon, fume extractor, intercom, poisonous gas detector, emergency searchlight, emergency evacuation sign, bus, infrared detector, fire engine.
	Fireproof suit, fireproof gloves, emergency medicine, stretcher, wet towel, gas mask, oxygen ventilator, oxygen bomb.
	Hydraulic lifting equipment, cable tester, screw support frame, gear box oil, air compressor filter core, spare cable conductor, emergency tool kit.



	Social security emergencies
	Emergency searchlight, cordon, emergency evacuation sign, intercom, poisonous gas detector, fume extractor, sprinkler system, explosive detector.
	Protective glasses, oxygen ventilator, fireproof suit, fireproof gloves, anti-erode gloves, gas mask, first-aid kit, first-aid equipment, safety helmet.
	Blast pipe, emergency tool kit.



	Public health emergencies
	Microbiological detector, disinfectant, interphone, loudspeaker.
	Vaccine, oxygen ventilator, medical protective mask, forehead temperature gun, defibrillation pacemaker.
	Epidemic prevention vehicle.
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Table 2. The sources of the scenario elements.
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Scenario Elements

	
Literature Sources






	
Event

	
Emergency type

	
[54]




	
Event cause

	
[54]




	
Influence range

	
[55]




	
Event stage

	
[55]




	
Passenger

	
Passenger flow volume

	
[16,56]




	
Passenger flow density

	
[16,56]




	
Number of stranded people

	
[16,56]




	
Time

	
The occurrence time

	
[57]




	
Current time

	
[57]




	
Passenger flow period

	
[56]




	
Special date

	
[57]




	
Location

	
Line

	
[58]




	
Station

	
[6]




	
Station type

	
[59]




	
Specific spot

	
[58]




	
Environment

	
Weather

	
[60,61]




	
Demand

	
Resource demand location

	
[33,34,62]




	
Resource type

	
[33,34,62]




	
Demanded resource quantity

	
[33,34,62]




	
Supply

	
Resource storage location

	
[52,62]




	
Resource inventory quantity

	
[52,62]











[image: Table] 





Table 3. The descriptions of notations.
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	Notation
	Description





	S1, S2, … Sn
	Rescue points.



	E
	Disaster point.



	w
	The number of emergency resource types.



	    x i k    
	Decision variable which represents the number of type k resources allocated from rescue point Si to disaster point E.



	    p i k    
	The type k emergency resource inventory owned by rescue point Si.



	    c i k    
	The unit cost of type k emergency resource allocated from rescue point Si, including use cost and deployment cost.



	    d k    
	Type k emergency resource demanded by disaster point E.



	    t i    
	Emergency resource transport time from rescue point Si to disaster point E.



	T
	Maximum time spent in delivering resource from an emergency rescue point to a disaster point, as set forth in the contingency plan of the metro management department.



	    λ i    
	  =  {    1 ,  t i  ≤ T     0 ,  t i  > T      

It is used to measure whether the transport time from rescue point Si and disaster point E has exceeded the maximal limit time.



	    β i    
	  =  {    0 ,  t i  − T ≤ 0     1 , 0 <  t i  − T ≤ 5     2 , 5 <  t i  − T ≤ 10     10 , 10 <  t i  − T ≤ 20     100 ,  t i  − T > 20      , [64]

It is the penalty cost coefficient of losses caused by the delay of emergency resources per unit of time and quantity, which is calculated according to different delay time. In order to facilitate calculation, it is assumed that the coefficients of various resources are the same in the same time interval. Usually, the coefficient increases sharply when the delay time is close to the bearing limit of the disaster point.
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Table 4. Parameters setting of PSO algorithm.






Table 4. Parameters setting of PSO algorithm.





	Parameters
	Value





	Initial population size N
	200



	Search space dimensions D
	15



	Maximum number of iterations Tmax
	1000



	Maximum position coordinate value xmax
	250



	Maximum velocity Vmax
	10



	Upper bound of inertia weight δmax
	0.9



	Lower bound of inertia weight δmin
	0.4



	Self-cognition coefficient c1
	1.424



	Group-cognition coefficient c2
	1.424
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Table 5. The computational results from PSO algorithm.
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	Rescue Point
	S1
	S2
	S3
	S4
	S5





	w1
	100
	0
	200
	68
	0



	w2
	25
	0
	50
	11
	0



	w3
	3
	0
	9
	0
	0











© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).






nav.xhtml


  sustainability-12-06380


  
    		
      sustainability-12-06380
    


  




  





media/file8.jpg
S3
IMiNGS!

Sa

XNIEKOY

DAXINGGONG

Lecen
[ pe——
[ Q-

[ Jrespe—

YOUFANGQIAO NANJING SOUTH RAILWAY STATION





media/file11.png
The optimal fithess

1.4

1.2

0.8

0.6

0.4

x 104

T T T T

B % Number of rescue points 7
<o Number of emergency resource types
1 1 1 1 1
5 6 b 4 8 9 10

11





media/file6.jpg





media/file1.png
Passenger

Type

Cause
Influence range
Stage

Passenger flow volume
Flow density
Stranded people

Location

Environment Time

Line

Station
Station type
Specific spot

Occurrence time
Current weather Current time
Future weather Period

Special date

Speculate

Y

Resource demand location

Resource type

The minimization of the sum of
allocation costs

Where to
deploy from
Resource storage location

Resource type
Quantity demanded

4

Resource inventory

Road condition Road condition

‘ Locationof Location of J

disaster point rescue points

\

Transport cost —I Transport distance ’— Driving speed

Model establishment

The minimization of penalty costs
due to delays






media/file10.jpg
s

Numbor o roscus pont

Numbor of morgancy resource ypes.

Numbor





media/file7.png
Type: Fire emergency
Causc: Electrical equipment failure

Influence range:< 2 hours; 3: 45; 1 million=
Stage: Imitial stage

Passenger

Location

Passenger flow volume: 12000
Flowe density: 1.5
Stranded people: 600

Line: Line 3

Station: Andemen
Station tvpe: Normal
Specific spol: Carriage

Environment

Time

Current weather: Sunny
Future weather: Sunny

Occurrence time: 12:39 pan. 2019.4.23
Current time: 12.42 pm. 2019.4.23
Period: Non-rush period

Special date: Normal

|

Road condition Road condition

Resource storage location: 5, 8, 55, 84, 85
_ Resource inventory: 8, < pl-150, pi-50, pi‘— 6=
Hesouree ype: ::Ivj;:el:gtﬁ} searchlight - S: < p:-200, pi-50, pz-10 >
wa-fume extractor 8; < p3-200, pi-50, p3- 9 >
Cuantity demanded: < d, - 368, d; - 86, d;- 12 = 8y =pa-150, p§—30, pi-5=
S5 = pi-150, p-30, p3- 6 =

Location of

rescue points

Speculate
4

Resource demand location: Andemen

Where to
deploy from

Resource type

Location of
disaster point
Sl Sg S_l Sq Ss

W 45 o8 50 ol M |-—— Transport cost 4< Transport distance }7 Driving speed ————— 5 5 51 S 53
W2 12 19 15 16 20 L 15 24 16 18 26
W 65 75 T0 70 75

¥

The minimization of the sum of allocation costs Model establishment

‘ The minimization of penalty costs due to delays






media/file9.png
S3

JIMINGSI

S4

XINJIEKOU

S5

DAXINGGONG

58)(& 11)(&_ oxﬁ
\

E

ANDEMEN

LEGEND

‘@0 Gas mask w1

&( Emergency searchlight w2

ﬁ Fume extractor wa

NANJING SOUTH RAILWAY STATION

YOUFANGQIAO





media/file5.png
JIMINGSI

Ss

DAXINGGONG

XINJIEKOU

() NANJING SOUTH RAILWAY STATION
YOUFANGQIAO





media/file3.png
Initialize particle swarm
and set parameters

v

=1

v

Calculate the fitness function |-

'

Update individual extreme value p;
and global extreme value p,

!

Update position vector x;4(t) and
velocity vector viy(t) of each particle

Whether the convergence
criterion is satisfied

Output the optimal result and
the number of iterations

End






media/file4.jpg
JIMINGS!

Ss

DAXINGGONG

XINJIEKOU

YOUFANGQIAO





media/file0.jpg
T
=, et [ |42, e
- fery = =
i =T =3 =
— —r—
—
== = g [ TR

Gy s






media/file2.jpg
Initalize particle swarm
and set parameters

'

Update individual extreme value p,
and global extreme value p,

i

Update position veetor x,(t) and
velocity vector vi(t) of each particle.

Whether the convergence
eriterion i satisfied

Output the optimal result and
the number of terations

Caleulate the itness function f+——————






