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Abstract

:

The urban rainstorm can evolve into a serious emergency, generally characterized by high complexity, uncertainty, and time pressure. It is often difficult for individuals to find the optimal response strategy due to limited information and time constraints. Therefore, the classical decision-making method based on the “infinite rationality” assumption is sometimes challenging to reflect the reality. Based on the recognition-primed decision (RPD) model, a dynamic RPD (D-RPD) model is proposed in this paper. The D-RPD model assumes that decision-makers can gain experience in the escaping process, and the risk perception of rainstorm disasters can be regarded as a Markov process. The experience of recent attempts would contribute more in decision-making. We design the agent according to the D-RPD model, and employ a multi-agent system (MAS) to simulate individuals’ decisions in the context of a rainstorm. Our results show that experience helps individuals to perform better when they escape in the rainstorm. Recency acts as a one of the key elements in escaping decision making. We also find that filling the information gap between individuals and real-time disaster would help individuals to perform well, especially when individuals tend to avoid extreme decisions.
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1. Introduction


Urban rainstorms are a type of major natural disaster and induce enormous loss [1]. The urban rainstorms may cause a seeper phenomenon noted as waterlogging too [2], which frequently happens in many big cities around the world, especially in the developing countries [3]. The 7/21 accident occurred in Beijing, China, on 21 July 2012, caused 79 deaths, and a great direct economic loss of 11.64 billion RMB [4]. In addition to direct damage, some indirect loss caused by the rainstorm is also huge. For instance, waterlogging and low visibility in the urban rainstorms will give rise to traffic problems and other derivative accidents [5]. Therefore, it is critical to study how to reduce the loss caused by urban rainstorms.



In recent years, many rainstorm disaster researchers have focused on scenario modeling and risk assessment [6]. Geographic information system (GIS) technology is widely applied to study the spatial distribution of rainstorm disasters, providing a basis for the establishment of shelters [2,3,7,8]. However, though waterlogging occurrence rules can be recognized, absent cognition and misunderstanding of information about rainstorm risk are common in real scenes [9]. The rainstorm disaster is a typical complex society system [10]. Given the complexity of human activities, agent-based modelling and simulation (ABMS) shows great advantages in urban emergencies [11]. Through ABMS, the disaster environment and human behaviors can be well captured [12]. In this way, emergency plans can be made in advance to prevent disaster and to reduce risk. ABMS on people’s behavior in the rainstorm is gradually developing [13,14], and mixed reality game system enables people to participate in the simulation of urban rainstorms [9]. ABMS has been applied widely in evacuation [9], risk assessment [15], and the spatial allocation of urban emergency shelters [16]. Although quite a few studies have simulated escape scenarios, these are based on entirely rational assumptions [13,14]. However, unconventional emergencies like escaping in the continuous heavy rainfall are characterized by complexity, uncertainty, and time pressure, which make it challenging for individuals to gain complete information and make entirely rational decisions [17]. People’s behavioral patterns and psychological characteristics are crucial in the multi-agent simulation [18]. The recognition-primed decision (RPD) model assumes that, in continually changing conditions, decisions are made in reaction to and on the basis of prior experience, and they mainly focus on situation recognition [19]. Human teams perform better with the help of RPD-enabled agent architecture in high time pressure situations [20]. People’s behavior in panic indicates that recognition of the situations is crucial [21]. Therefore, the RPD model can be employed in emergency events. The RPD model is an attempt to understand how experienced decision makers like firemen deal with complex real-world settings [19]. However, in continually changing conditions, people with no expert experience can also make decisions based on their experience. Thus, the RPD model can be applied to study an individual’s escape in the urban rainstorm.



There exist quite a few studies focused on the variations in the risk response attitudes of individuals during the rainstorm. However, relatively speaking, current studies focus on the macro-group instead of the emergence of micro-individual decision-making behavior. Considering that the micro individuals’ behavior pattern and risk attitudes towards rainstorms were mostly neglected in existing studies, in this paper, we improve the recognition-primed decision (RPD) theory and propose a dynamic recognition-primed decision (D-RPD) theory for personal risk decision making in a heavy rain environment. Based on D-RPD theory, we model agents that can update their strategies based on their experience gained in the process of the rainstorm. The objectives of this study are as follows: (1) Discovering individuals’ capability of risk perception. (2) Exploring the behavior pattern during the escape in the urban rainstorm. (3) Recognizing whether experience has an influence on individuals’ risk preferences during the rainstorm.




2. Materials and Methods


2.1. Study Area


To provide an illustrative flood risk analysis, we construct a typical community in Wuhan (N 29°58′–31°22′ and E 113°41′–115°05′), Hubei province in China (Figure 1). Wuhan is the biggest city in central China, covering an area of 8569 km2. It has a population of over 11 million. In the past few years, the average annual rainfall in Wuhan was approximately 1200 mm. Due to the summer monsoon, the rainfall is unevenly distributed throughout the year. Most of the annual precipitation falls from June to August. The flood in July 2016 had caused 14 deaths and caused a great direct economic loss of 4 billion RMB.



Considering great similarities among regional plans in Wuhan, we have selected a typical community in this study. There are as well as loose dense gathering areas in the community. To fully capture every scenario, this selected community consists of both low- and high-density zones.




2.2. Framework of Multi-Agent Simulation


The traditional simulation model is limited to simple and low dependence problems [22], which is not suitable for our scenario. To solve this problem, we develop agent-based modeling and simulation (ABMS) to model systems comprised of autonomous, interacting agents.



The agent is defined as a physical or abstract entity and acts as a basic unit in multi-agent systems (MAS) [23]. The agent has properties as follows [24]:



{Attribute, State, Communication, Knowledge, Action, Environment}



Combining real and simulated data is a challenge for multi-agent simulation. In this study, we conduct artificial and real systems in parallel and apply adaptive control methods for the experiments [25]. Through the artificial societies-computational experiments-parallel execution (ACP) platform [26], we can interact with the real social system, and provide reliable support for the management and decision-making of real social scenes. Thus, we can realize the evolution of the situation, co-evolution, and closed-loop feedback.



The evacuation of individuals in the rainstorm is a complex, interacting social system [27]. The urban rainstorm escape simulation platform is demonstrated in Figure 2 [26]. The data of real system can be employed in the manual system. The results of simulation in manual system can help prevent risk in real system. Through management, control, observation and evaluation, data and model are exchanged between real and manual systems. In this paper, we get meteorological data from Hubei Meteorological Service and actual observations, and then turn it to the geographic information in the simulation.



It is argued that the concept of risk can be regarded as expected loss, probability of an undesirable event, an event that endangers human value, and so on [28]. Risk preference reflects individuals’ attitudes towards risk [29]. When passing through waterlogging points, individuals may lose much energy because of trapping in the water, infecting with the virus and other events. In this paper, we refer risk as the probability of losing much energy in the waterlogging points. Risk preference reflects an individual’s tendency to implement risky or conservative strategies facing the potential loss caused by waterlogging points.



The risk of rainstorm is the result of multiple factors, such as elevation, density of the rainstorm, and slope [30]. According to the size of risk, we define a “risk environment” as an environment with all these factors. In low risk environment, individuals tend to lose less energy than that in a high risk environment. Evaluation methods with GIS techniques can be combined to provides reliable information about the rainstorm [31]. This paper mainly focuses on individuals’ behavior in the rainstorm, thus the risk is simplified in the simulation. As the simulation map comes from a small community, some factors like elevation to reflect the risk are ignored.



Expert knowledge (EK) and participant observation (PO) can be used to understand agents and their actions [11]. Detailed agent attribute data is from Hubei Meteorological Service, Civil Affairs Bureau of Wuhan, data analysis of rainstorms in Wuhan [32], and study of the mitigation behavior in floods [33].



This paper describes a simple scenario of an individual escape in the rainstorm. We employ ABMS to simulate an individual’s escape model in the rainstorm, and design the individual agent based on the D-RPD model. In the rainstorm, due to elevation, slope, and other factors, there will exist much accumulated water (we referred them waterlogging points in this paper). Here, ‘energy’ is one attribute of each human agent, representing essential resources and power for staying alive. Individuals may lose much energy when passing waterlogging points. To reach refuges in the rainstorm, individuals must keep their energy sufficient while passing by many waterlogging points. When wading directly, individuals will spend less time, but may lose more energy than wading cautiously. We use R to reflect the risk when individuals wade directly. After making some preparation, individuals will reduce risk, we use δ × R to reflect the risk of wading cautiously (0 < δ < 1). Individuals only have information about the intensity of the rain, but have little extra information about the waterlogging points like geographic information under water. Thus, individuals would struggle to judge whether it is safe to wade through the waterlogging point directly. After passing one waterlogging point, they will lose some energy and time, but gain some experience as to where to wade directly or cautiously.




2.3. Recognition-Primed Decision Model


Classical decision-making strategies generally describe a situation where decision-makers search for the optimal decision given sufficient information and perfect rationality [34]. The classical decision theory may not work well in real-world scenarios [17]. Different from classical decision theory, naturalistic decision making (NDM) mainly focuses on expert experience, and a satisfactory solution is acceptable [35]. Klein proposed the concept of NDM in 1989 to understand how people make decisions in real life rather than in artificial laboratory settings [36]. In complex situations, people act and react based on previous experience. Emergency responders tend to compare the current situation with previous ones and identify a plausible action. A “workable,” “timely,” and “cost-effective” decision is more acceptable in the real decision situation [19,37,38]. As Figure 3 shows, the process of situation matching, action implementing and strategy forming are integrated into a comprehensive recognition-primed decision model [19], in which typicality recognition and situation search could be performed simultaneously.



The recognition-primed decision (RPD) model is the application of NDM theory. The focus of the RPD model is environmental condition identification and reproduction [37]. The RPD model can be divided into 2 phases: situation recognition and solution generation [39]. Klein proposed ideas in three scenarios: (1) recognize typicality and visible reaction, (2) recognize typicality and conscious evaluation, (3) situation reassessment and evaluation modification [19]. Although RPD theory has demonstrated unique advantages in the practice of quite a few fields, there still exist several controversies about it. The RPD model simplifies the situation and focuses little on rational decision, which is not universal in all situations. In other words, the conditions must be considered when employing the RPD model, which include experienced decision-makers, high-time pressure, limited cognitive resources, and so forth. In addition, few studies on the RPD model addresses dynamic decision problems, in which successive decisions are not independent and require an iterative “look-ahead” approach [40].




2.4. Dynamic Recognition-Primed Decision Model


The dynamic recognition-primed decision (D-RPD) model is motivated by the need for continuous decisions in a dynamic condition. In classical PRD model, decision makers are domain experts, and they make decisions based on all experiences. However, in the rainstorm, past experiences may not reflect the reality. The risk changes during the rainstorm process, and hence emergency decision making should also be carried out in stages [41]. Further, an individual’s risk perception changes in the disaster [4]. Apparently, an individual’s perceived risk of a rainstorm can be regarded as a Markov process [42]. That is, the perceived risk of the rainstorm at the next moment is only related to the first k states, and has nothing to do with the time before k + 1. Because of this, the individual only needs to consider the experience of the preceding k stages. The experience considered by the individual in the decision of tn time is presented in Figure 4:



In the actual urban rainstorm escape process, individuals will pass many waterlogging points. Since the risk of heavy rain is dynamic, not all the experience is valuable. In the actual situation, the experience within a period similar to the current environmental risk is the most helpful. However, the problem is the case that the assessment of risk is one of the individual’s goals, not the given information [9].




2.5. Model of Individuals’ Escape in the Urban Rainstorm Context


2.5.1. Agent Attributes


In the study of evacuees’ behaviors in a disaster situation using multi-agent simulation, initial locations and the number of agents can be decided depending on the aims [9,43,44]. To simplify the model, the following assumptions are proposed:



(1) The choice of the individual at the risk point does not include immediate detour.



(2) The waterlogging points are homogeneous, that is, all the waterlogging points have the same probability of risk and the loss caused by the risk. We set different risk environments for different groups of experiments. The probability of lose energy for individuals is influenced by the environment.



(3) There is only one refuge in the rainstorm area, and all individuals move there through an optimal path.



Unlike the simple accumulation of experience in the classical RPD model, the experience base in this model is dynamically updated. The agent attributes can be illustrated as follows:



Action set (AS): {direct wading (DW), cautious wading (CW)}. In actual urban rainstorms, there are usually three types of decisions when individuals pass through the waterlogging points: (1) bypassing the road (2) directly wading (3) observing the behavior of others or taking certain measures to reduce the risk. In this study, assuming that no one chooses to detour. Decision 2 is referred to as a direct wading strategy, and decision 3 is collectively referred to as a cautious wading strategy. We set a control parameter for cautious wading strategies. Supposing that the risk for direct wading is R, then the risk for cautious wading is δ × R, where 0 < δ < 1.



Energy loss (EL): A set with k elements, where the element Ee is displayed in Equation (1). EL represents the actual energy loss of wading each time, and E0 represents the energy loss when no risk breaks out. Set ER as the energy loss when the risk breaks out. Here, ER > E0


   E e  =  {      − 1          E L  >  E 0        0          E L  =  E 0        1          E L  <  E 0         



(1)







Time loss (TL): A set with k elements, where the element Te is presented in Equation (2). TL represents the actual time spent in wading each time, and T0 represents the time when an agent does not prepare the wading. Set Tp as the time when the individual makes some preparation for the wading. Here, Tp > T0.


   T e  =  {      1          T L  >  T 0        0          T L  =  T 0        − 1          T L  <  T 0         



(2)







Direct wading probability (DWP) reflects the individual’s risk preference, which is the function of P0, ST, and SE. P0 represents the initial risk preference, ST represents the direct wading support from TL, and SE represents the direct wading support from EL.



A value of 1 for Ee indicates that no risk has occurred this time, which will support direct wading. The number of elements equal to 1 in EL is ke. ke is an integer ranging from 0 to k. SE, as shown in Equation (3), represents the degree of direct wading support from EL, and its value is between −1 and 1. Here, k is positive integer, and keep constant in one specific experiment.


   S E  =    k e  −  (  k −  k e   )   k  =   2  k e   k  − 1  



(3)







Similarly, when the value of Te is 1, it will support direct wading. The number of elements equal to 1 in TL is kt. kt is an integer between o and k. ST, as shown in Equation (4), represents the degree of direct wading support from TL, and its value is between −1 and 1.


   S T  =    k t  −  (  k −  k t   )   k  =   2  k t   k  − 1  



(4)







The degree of support for wading directly can be divided in 2 parts: SE and ST, and α represents the weights between the two. Thus, the total degree of support, S, is shown in Equation (5).


     S  = α  S E  +  (  1 − α  )   S T  =   2 (  k e  α −  k t  α +  k t  )  k  − 1  



(5)




where P, the probability of wading directly without preparation, is the sum of P0, and S, which is represented in Equation (6).


    P =  {      0                                                  P 0  + S < 0        P 0  − 1 +   2 (  k e  α −  k t  α +  k t  )  k          0 <  P 0  + S < 1       1                                                  P 0  + S > 1        



(6)








2.5.2. Agent Interaction Rule


In the first k times of wading, the agent only acts according to the initial preference. After the kth time, the agent makes decisions according to experience base and dynamically updates it. The process is demonstrated in Figure 5. TL and EL are updated after each wading, deleting the first element and adding a new element.






3. Result and Discussion


The simulation map is shown in Figure 6. The individuals represented by green circles walk along the road shown by lines. When traveling, individuals encounter a lot of waterlogging points represented by red forks, and lose some energy and time. Individuals try to adopt strategies to reduce the loss of energy to reach the refuge, which is the blue square on the map.



Three sets of experiments are created based on the parameters k, δ, P. Each parameter has ten different values. In one test, all the parameters are constant and vary in different tests. Each test includes 50 agents.



3.1. Individual’s Perception of Risk


A rational individual should change decisions as the environment changes [45]. In the process of urban rainstorms, due to the high time pressure and information uncertainty, the risks at the waterlogging points is uncertain. In this case, the individual often judges the risk level of the waterlogging point through the experience of past waterlogging points. To explore the individual’s perception of risk in urban rainstorms, the variations in individual preferences in low-risk, medium risk and high-risk environments are studied through simulation. We set 3 types of agents: L-type (agents with low initial risk preference), M-type (agents with medium initial risk preference), and H-type (agents with high initial risk preference). Figure 7 reveals the individual’s initial preference and the average preference to reach the destination through multiple risk points in three types of environments. This describes how individuals continuously update their risk preferences through experience and gradually adapt to risk in the environment.



In a low risk environment (Figure 7a), individuals with lower initial risk preferences constantly update their risk preference according to experience, and ultimately improve their risk preference to a large extent. Individuals with medium risk preference ultimately increase their risk preference to a small extent, while individuals with higher initial risk preferences moderately reduce risk preference to better adapt to actual risks in the environment. A low risk environment motivates people to take risks because the cost of risk (loss of energy) is small and the benefits (reducing time spent) are large. However, as can be observed in Figure 5, although the individual adopts a riskier strategy than the original, the overall risk preference remains at a lower level. In an emergency, the individual’s risk strategy is more conservative, though it may have adverse consequences [46].



In a moderate risk environment (Figure 7b), individuals with lower initial risk preference constantly update their risk preference according to experience, and finally improve their risk preference to a large extent. The individual with medium-risk preference almost fluctuated with his initial preference. Individuals with higher initial risk preferences reduce risk preferences to a great extent in order to better adapt to the actual risks in the environment. Since the probability of the risk occurring at the risk point is close to the likelihood of no risk occurring, it is challenging to decide the decision at the risk point.



For example, if the probability of a risk is 0.7, it may be better to adopt a cautious strategy; if the probability of a risk is 0.3, it may be better to adopt a direct strategy; if the probability of a risk is 0.5, then the two strategies are tough to judge advantages and disadvantages. Therefore, in a moderate risk environment, individual preferences tend to be arbitrary, that is, the probability of choosing a cautious strategy and a direct strategy is close. However, considering the time factor, the proportion of direct strategies should be higher.



In a high-risk environment (Figure 7c), individuals with lower initial risk preferences constantly update their risk preferences according to experience, and ultimately improve their risk preference. Individuals with a moderate risk preference reduce their risk preferences to a small extent. Individuals with higher initial risk preferences greatly reduce risk preference to avoid energy loss caused by wading without preparation. However, in the overall view, the individual’s risk preference is medium, which is contrary to the intuition that a cautious strategy should be adopted in a high-risk environment. This can be explained by the fact that the risk for taking a cautious strategy is still high, even in a high-risk environment, thus reducing time becomes the main goal. Therefore, under a high-risk environment and high time pressure, although individuals will present risk aversion from the overall trend, under the time pressure, a direct strategy will still be adopted sometimes.



The risk of waterlogging points is set from 0 to 1 with 0.1 as interval, forming ten types of experiments. Figure 8 shows each average and standard deviation of the preferences of multiple agents in these ten types of experiments. Obviously, there exists a reverse association between environmental risks and individual risk preference. Although the values of standard deviation have slight fluctuation, they are all around 0.2. Furthermore, experimental calculation in large scale contains almost all possible situations, leading to a high credibility.



Figure 9 shows energy variations with time in different risk environments. The energy is the average of all the agent’s energy. Energy is a linear function of time when the energy loss at the cumulative point is not considered. However, due to the risk of waterlogging points and the uncertainty of individual decision-making, the change in energy presents a curve fluctuation. It can be seen that energy consumption is no longer the same from the beginning due to different environmental risks. These three curves have no intersections other than the starting point, which means that individuals can evade certain risks through their own decisions, but since individuals cannot always make completely rational decisions, the energy loss values differ.



In the process of making multiple decisions, an individual’s experience affects their risk preference [4] and adapts to the actual risk of the environment. Specifically, after multiple wading experiences, individuals in low-risk situations will increase their risk preference, and individuals in high-risk situations will increase their risk preference. However, their risk preference tends to be “conservative” after multiple experiences regardless of the individual’s initial risk preference. For instance, even if the risk of the environment is extremely low, individuals will not adopt risky strategies all the time, but a small number of conservative strategies. For example, a heavy rain occurs, and waterlogging points are formed. Even though the risk of waterlogging points is quite low, a few people step into the deep waterlogging points at the water level and spend a certain amount of energy. Then, in the next few waterlogging points, the probability of adopting a cautious wading strategy will increase. However, classical decision theory tells us that environmental risks are exceedingly low. Even if encountering risk, individuals should continue to wade directly and reach the rescue point as soon as possible. The reason for the deviation is that the individual has limited information on the probability of future risks and can only choose to believe in past experience. Information during the rainstorm is vitally important, however, quite a few individuals will not be informed in advance [47]. In the process of urban rainstorms, the government should monitor the risk of the rainstorm in real-time and inform people of the risk by means of broadcasting, messages, screen display in public places. In a low-risk environment, tell the public not to panic, and take a direct strategy. If the government monitors potential risks in real time and discloses the relevant information to the public, individuals’ behavior to make decision is more compatible with the classical theory.




3.2. Influences of Individuals’ Experience Pool Size


Individuals decide their behavior according to their own experience. However, for two reasons, it is inappropriate for individuals to make decisions based on all previous experience in the rainstorm. First, the individual’s memory ability is limited [48], and it is impossible to retain all the memories about the risk point. Second, the variation of risk is a dynamic process, individuals’ perceived risk during the rainstorm has the Markov property, and the individual’s recent experience is more valuable [41]. Therefore, it is crucial to explore the influence of the size of the experience base on individuals. Figure 10 illustrates the relationship between the final remaining energy of the individuals and the size of the experience base. In one experiment, the size of k is the same, and we conducted different experiment to compare the remaining energy with various k. As the experience base increases, the individual’s residual energy begins to increase, and then decreases. That is, theoretically, there exists a moderate k value, making the remaining energy the largest. In this experiment, the value of k is 25. In reality, the value of k is affected by many factors, not all of which are 25.



The value of k is neither as large as possible nor as small as possible. The reason is that as k increases, the individual’s preference at the current risk point is less sensitive to previous experience. Figure 11 indicates the fluctuations in individual risk preferences in four scenarios. The vertical axis is the first difference in risk preferences. And the horizontal axis represents the amounts of waterlogging points individuals have passed. We give 4 figures for different k in 4 groups of experiments. It can be clearly seen that, as k increases, the individual’s preference fluctuation between risk points decreases. Therefore, when k is small, the fluctuation of risk preference is too large, so that each time wading the waterlogging point, there is a considerable degree of randomness. When k is large, individuals are slow to update risk preferences, resulting in an inability to adapt to rapidly changing environments.



In classical RPD theory, all the experience of the past can provide decision support [19]. However, in the heavy rain scenario, the individual’s experience is only related to several wading experience in current rainstorm. The experience of past rainstorms formed the initial preference of the individual in the rainstorm. Therefore, in the continuous decision-making process, the remaining energy is not positively correlated with the individual’s experience base size. Only experience that is similar to current environmental risks can provide favorable decision support for individuals.



For instance, an individual rushes to a refuge in heavy rain that continues to increase. If an individual assesses the risk of wading based on all previous wading experience, the risk of current wading is seriously underestimated. According to recent experience, the risk assessment will be more accurate. In the real situation, there is a certain judgment on the intensity of the rainstorm, by which the risk of wading the waterlogging points will be judged. However, complex problems, such as the intensity of heavy rain or the flow of water on the road, make it challenging to judge the risk of the waterlogging points by analysis, and it is more meaningful to refer to several experience with similar rainstorm intensity.




3.3. Influences of the Regulation Parameter on Individuals’ Behavior


By studying the individual decision-making and energy changes under different control parameters, it is likely to explore whether the individual’s decision-making behavior can perceive the size of the control parameters.



Figure 12 demonstrates the average proportion of individuals taking direct wading strategies under different regulation parameters. The result of linear regression fitting is also shown as the red line in Figure 12. It can be seen that as the regulation parameter increases, the proportion of individuals adopting direct wading strategies decreases. This may not be in line with our intuition, because an increase in regulation parameters means that the benefits of an indirect strategy are reduced. Thus, the proportion of indirect wading strategies should decrease. However, the increase of regulation parameters also implies the deterioration of the environment. That is, the illusion of individuals under time pressure: δ × R is regarded as the probability of occurrence of the risk, and the increase of regulation parameters means the probability of occurrence of risk becomes larger. As δ increases, the likelihood of the risk is increasing in people’s minds. Driven by this illusion, even if the actual effect of δ to reduce risk becomes smaller, the individual still adopts a cautious strategy. This reflects the bounded rationality of the individual: under high time pressure, it is arduous for an individual to explore the actual cause to the risk of taking a prudent strategy [49].



Figure 13 shows the energy’s variations under different control parameters. It can be seen that, as δ increases, the remaining energy decreases. The result of linear regression fitting is also shown as the red line in Figure 13. This seems inconsistent with our conclusions above: as δ increases, the proportion of individuals adopting direct wading strategies is decreasing, and the energy lost should also be reduced. However, it should be considered that as δ increases, although the proportion of individuals directly wading is reduced, the probability of the risk occurring is increasing. On the one hand, increasing the proportion of cautious strategies reduces risk. On the other hand, an increase in δ increases the risk of a prudent strategy. The combined effect of the two makes the final result represented in Figure 13. It can be concluded that, although the individual does not possess a clear understanding of the regulation parameters, the perception of the overall risk is correct.





4. Conclusions


During emergencies, individuals often make decisions based on previous experience. Especially in the process of continuous decision-making in urban rainstorm escape, decisions often depend only on recent experience. To better characterizes individuals’ continuous decision-making processes, we propose a D-RPD model for individuals’ decisions under the scenario of an urban rainstorm. The main conclusions of this study are as follows:



(1) Individuals’ experience can provide information about the risk, so individuals can perceive the size of risk. However, the information is insufficient and accurate in a dynamic risk environment. External information, e.g., government broadcast, will help individuals to perform better in the rainstorm.



(2) In the process of urban rainstorm disaster escape, individuals tend to choose “conservative” strategies. In other words, even the risk of waterlogging points is very low, individuals will choose some cautious decisions. Moreover, as the environment changes, individuals may find the changes after exploring some waterlogging points. This will cause extra loss due to the postponement of information.



(3) Individuals will enhance their abilities of risk perception according to their dynamic learning from past experience. However, based only on the previous experiences, they cannot find the best strategy to cope with the risk. In addition, individuals may have a slow response to dynamic risk. To solve this problem, a simulation environment can be developed based on actual decision-making scenarios to effectively train residents and improve decision-making skills.
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Figure 1. A typical community in Wuhan, Hubei province, China. 
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Figure 2. Urban Rainstorm Escape Simulation Platform. 
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Figure 3. Recognition-primed decision model. 
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Figure 4. Markov property of individuals’ decision-making in the rainstorm. 
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Figure 5. Agent’s decision rule during the escaping in the rainstorm. 
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Figure 6. Map of the simulated escape route in the urban rainstorm context. 
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Figure 7. Individuals’ risk preference in different contexts: (a) Low risk context; (b) Medium risk context; (c) High risk context (L-type: agents with low initial risk preference, M-type: agents with medium initial risk preference, H-type: agents with high initial risk preference). 
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Figure 8. Variation of individuals’ risk preference over the risk range. 
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Figure 9. Variation of energy over the period. 
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Figure 10. The relation between energy remained and k. 
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Figure 11. Variation of preference’s first-order difference with wading experience. 
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Figure 12. Influences of δ on individuals’ behavior. 
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Figure 13. Influences of δ on energy remained. 
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