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ARTICLE INFO ABSTRACT

Keywords: Decision-making evacuation modeling for natural hazards has always been complex due to the
Evacuation uncertainty of variables affecting it. One of the most relevant existing assumptions for this kind of
Landslide simulation is the use of sigmoid distributions (e.g., Rayleigh) to represent the evacuation times.
Rayleigh distribution We found some disadvantages in using this type of probability distribution for slow-response

Slow-response disasters disasters (i.e., geological hazards applications), where there may be a non-negligible delay

time between the beginning of the disaster and the consequent evacuation. For that reason, we
developed and fitted a displaced sigmoid distribution to the results of a landslide evacuation
simulation, i.e., applied to the 2008 disaster of Chaitén in southern Chile. We considered a
Rayleigh distribution with a shape factor and a (proposed) displacement factor for predictions.
The results suggest considering a displacement when using the Rayleigh distribution to represent
slow-response evacuations. We also provide a detailed discussion about the time-dependent
factors that may influence this displacement.

1. Introduction

Heavy rainstorms are one of the most recurrent and serious natural disasters we face. The heavy rain induced by heavy rainstorms
or even by sudden strong precipitation in couple of hours known as flash floods, have the characteristics of high frequency, strong
explosiveness, wide range of impact, which result in high intensity of disasters triggered. These characteristics can easily induce
instability in mountainous slopes, endangering inhabitants and affecting the environment. When this phenomenon strikes, it is sub-
jected to several consequences such as the uplifting effect of the mountainous terrain, and in some cases the displacement of the
isotherm curve, factors that often increases the intensity of the heavy rainfall, affect the slope texture, therefore increasing the pos-
sibility of geological disasters in the mountainous terrain on the windward slope allowing mobilization of unconsolidated material.

Chaitén, one of the areas that has been studied by our research group, is located in the southern part of Chile, in Los Lagos Region, a
mountainous region of the Andes, with a great number of inhabitants and recurrent tourists. It is also a region with a complex
geological environment and frequent geological disasters. This province has a typical warmth and temperate climate, and heavy
rainfall occurs throughout the year in Chaitén. The Koppen-Geiger classification in Chaitén is oceanic, where the average temperature
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is 7.8 °C and the average annual precipitation reaches 4995 mm. Precipitation varies from 342 mm between the driest and wettest
months, and the difference between the lowest and highest temperatures throughout the year is about 9.2 °C. The highest and lowest
relative humidity are measured in June (91.34%) and January (80.26%) respectively, and the wettest and driest days per month are on
August (22.07 days) and February (12.37 days) respectively. Additionally, in this part of the Andes, geological hazards such as
collapse, landslides and mudslides are easily induced in areas where geological and environmental conditions are relatively fragile,
causing serious causalities and property losses, with non-consolidated volcanic ashes.

One of the main concerns regarding to disasters like landslides (and any other) is how people perceive the associated risks and in
what manner it can affect their evacuation decisions. When a strong and disruptive landslide take place, several factors can influence a
no-notice evacuation where people decide to evacuate immediately after the occurrence of the disaster [1]. Nevertheless, when in-
habitants have enough time to make an informed decision they can underestimate the associated risks and extend their evacuation
departure times [2]. The Rayleigh distribution function was first proposed for modeling evacuation times by Tweedie et al. [3]; and it
has been widely used so far for this purpose.

In slow-response (non-disruptive) disasters the assumption that this distribution may accurately represent the evacuation modeling
process can be blurred. For that reason, this paper seeks to extend the Rayleigh distribution by adding a displacement parameter, in
order to generalize its application not only for disruptive, but also for slow-response events. In particular, we analyze the displaced
distribution to better represent an evacuation triggered by landslide and lahar caused (11 days after) by the Chaitén volcanic eruption
in 2008. So mainly two research questions guide this work: (i) Can a displaced Rayleigh distribution better represent a slow-response
evacuation process?, and (ii) What are the principal dynamic variables that can be considered when modeling landslides triggered by
heavy rainstorms?

The remainder of the paper is organized as follows. Section 2 introduces the main complexities in the representation of heavy
rainstorm triggered landslides. Section 3 discuss about the principal time-dependent variables involved on the prediction of landslides.
Section 4 introduces the main approaches used to modeling disasters evacuation times (e.g., Rayleigh distribution), whereas Section 5
presents the non-linear programming model for fitting the (proposed) displaced Rayleigh distribution. Section 6 shows the main results
of the fitting process and its practical implications. Finally, Section 7 concludes.

2. Complexity in heavy rainstorm triggered landslide representation

The complexity and variability of heavy rainstorms and the lack of systematic theory increase the difficulties of this kind of
landslide disasters study. In general, rainstorm landslides are characterized by high rainfall intensity, short duration (few hours), and
liquid precipitations above the isothermal curve, a determinant factor that affects the consistency of the snow-covered slope, resulting
in mud and rock flows. In the study of rainstorm landslides, many scholars have analyzed the characteristics of landslides. Because the
characteristics of landslides are influenced by the internal and external complexities of mechanical mechanisms given by conditioning
and triggering factors, the landslide structures and surface morphologies are quite different. It is generally believed that the main
influencing factors include potential energy conditions, material sources, ground sports fields and hydrodynamic conditions [4],
triggered by an external cumulus [5].

In the aspect of landslide material sources, the rainstorm induced landslide is basically the unconsolidated Quaternary Residual Soil
strata and the fully weathered shallow earth landslides. The thickness of the landslide is generally less than 2 m [6]. In terms of
landslide triggers, results indicated that the rainstorm is the most important factor, the number of landslides generates 70-80% of the
total [7-10], and it can be described as rainfall induced landslide (RIL) [11]. In addition, some research have analyzed the impact
factors of such landslides through methods such as comprehensive analysis and monitoring, considering as the main factors the storms,
high winds, vegetation, landforms, formation lithology, structures, slope structures and human engineering activities [12-14].

For the occurrence of rainstorm induced landslides, the formation mechanism is the key to monitoring, early warning and fore-
casting the rainstorm landslides, and it is of great significance in predicting the temporal and spatial distribution of landslides during
winter season (Sidle, 2006). In terms of the theory of formation mechanism, on one hand, the rainstorm eroded the slope by way of
slope runoff, resulting in soil erosion [5,15].

Based on the research on the mechanism of the rainfall induced landslides, the research on predictive rainstorm induced landslides
is also deepening [16-18]. Current research on prediction of rainstorm landslide is usually based on empirical statistical models.
Empirical models mainly analyze the rainfall characteristics that induce the occurrence of landslides, especially the rainfall intensity,
duration, and cumulative rainfall, and obtains the intensity-duration curve (I-D curve) or the critical value of cumulative rainfall to
determine the possibility of landslides. There are two main methods for determining the landslide rainfall threshold, one is the infinite
slope model [8,19], and the other one is to use the threshold curve [20].

The threshold curve method was first proposed by Caine [20]. It mainly describes the impact of rainfall intensity and duration on
landslides. We found also that Guzzetti et al. [21] made an improvement to Caine’s model and obtained a new global rainfall threshold
curve using 2185 landslide events. In recent years, many scholars have carried out multi-technical statistical analysis of rainfall and
landslide data, proposed warning thresholds for landslides in different regions and formed different statistical models and perspectives.
Some research such as Yin et al. [4] pointed out that geological conditions and landslide types were factors that affect the threshold of
rainfall [22]. Liu & Yin [23] proposed that it should be considered the impact of rock and soil fissures. When rainfall intensity is greater
than a certain value, sufficient precipitation will seep into the depth of the slope through cracks.

The study of early warning systems for heavy rainstorm induced landslides is still relatively blank. Because landslides caused by
rainstorm are characterized by strong explosiveness, wide distribution, location uncertainty, and strongly bounded to geological
parameters, traditional single landslide warning systems have no advantage in terms of warning time and warning range. Therefore, it
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is necessary to develop regional and multi-stage early-warning landslide systems for such landslides.

3. Time-dependent variables for landslide disaster modeling

The aforementioned factors involved in landslide generation are several. These parameters are based on topographic/geological
aspects of the territory, the geology, geotechnics, hydrology, vegetation, weather, and human intervention towards territory which can
be summarized as conditioning and triggering factors. All of these are considered disequilibrium factors [12]. Some of these pa-
rameters have a stronger incidence in material equilibrium. Among the factors with more relevance for landslides we find slope,
elevation, rock or soil type, precipitation, previous landslide occurrence and seismicity, which can be seen in Table 1.

The combination of critical factors that a massive landslide may cause come from the intrinsic conditions of the territory. These
formerly mentioned factors such as topography and slope, among others, together with the combination and high exposure to flash and
heavy rains in a short period and/or high intensity earthquakes, are triggering factors for landslide generation.

At a local level, variables such as the change in the 0 °isotherm curve may induce liquid precipitation in snow zones, triggering
landslides at any given time during the year []. A critical instability condition for landslides is found in high slope angles, e.g., greater
than 55° [25] of mountainous terrain made of meteorized sedimentary and fractured rocks under heavy rain, seismicity or volcanic
eruptions. According to Hauser [26]; it is estimated the existence of a landslide occurrence threshold of 60 mm/day in summer time in
the Metropolitan and pre-andinians zones due to geotechnical characteristics of soils and their behavior under heavy rain.

According to Cruden & Varnes [27]; and as shown in Table 2, the speed of occurrence for material movement is variable from
displacements in m/s for rock fall or collapse (extremely fast), to mm/year for lateral extensions or gliding cases (extremely slow).
Landslide processes have the difficulty of being exposed and visible for all surrounding areas affected by a potential risk, therefore the
possibility for an early evacuation decreases without a general warning (zones, infrastructure, or individuals), having as a reference the
difference between imminent risk from a volcanic eruption, visible for most of the exposed zone. A way to warn higher risk and
exposure zones is the zonification of sectors with higher susceptibility to occurrence of such movements. This, along with continuous
meteorological monitoring is part of a major proposition such as an early warning system for landslides. Critical and high exposure
zones may count on active sensors for monitoring.

We consider the concept of slow-response to those situations where landslides run from fast to moderate speed. By this, there is a
possibility for exposed systems or individual risk evaluation. Critical factors that perpetuate equilibrium may maintain in constant
activity a slow speed landslide, keeping unnoticed to the exposed population. This situation changes when the area under movement
become involved in a seismic activity, increasing its acceleration and then the displacement velocity [28] or the intense volcanic
activity, triggering seismicity in all surrounding area, fast snow melting, pyroclastic and lahars flows, or volcanic alluviums [29],
causing a series of landslides through runoff fluvial channels that may end up in total evacuation, as seen in the 2008 volcanic eruption
of Chaitén city in southern Chile [30].

The 2008 eruption of the Chaitén volcano in the southern part of Chile was from such magnitude and intensity (VEI 4-5) that
resulted in the evacuation of the whole Chaitén city as a consequence of the overflow of the Blanco river and the disappearance of the
southern zone, located 12 kms from the apical zone of the volcano. The eruption presented an explosive and ash emission phase that
lasted 2 weeks, generating deposits of nearly 1 km® of pyroclastic materials [31]. This disaster left evidence of several flaws at
governmental level with respect to disaster management as the relocation and recovery phases were poorly planned and highly erratic
[32]. Several days after the eruption, heavy rainstorms displaced the non consolidated accumulated material from the eruption,
through the drainage network causing lahars and floods in near valleys (see Fig. 1), leaving Chaitén city inhabitable and severely
damaged [33].

4. Modeling disaster evacuation times

Following Gaiha et al. [35]; the frequency of occurrence and human or economic losses from natural hazards are strongly
correlated and constantly increasing. As a result, the effect of these variables is strong enough to affect people’s perception as a way to
contribute to disaster risk reduction. Indeed, there exists a correlation between the capacity of saving lives through effective evacu-
ations and the technological capability for future threat prediction [36].

Inaccurate or erroneous forecasting, besides the consequences already covered, could bring substantial effects in any of the
different disaster response stages, such as the restoration of complex systems like the electric power system or transport networks,
among others. For instance, we can see how congestion in transport networks under stress (as in an evacuation) may prevent the timely
dispatch of mobile emergency generators used for restoring electricity in priority demand sectors [37], and the prolonged absence of
essential services such as electricity could seriously affect individuals’ awareness [38]. If the evacuation forecast is not accurate, and

Table 1

Critical parameters and importance level in landslide generation at local and regional scale [24].
Characteristics Rock fall Sliding Flow Regional scale
Elevation and shape High Critical High High
Slope Critical Critical Critical High
Rock type Critical High Critical High
Dough removal activities Critical Critical Critical High
Precipitation Critical Critical Critical High
Seismicity Critical Critical Critical High
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Table 2
Removal rate scale [27].
Class Description Speed (m/s) Typical speed
1 Extremely fast 5 5m/s
2 Very fast 0.05 3 m/min
3 Fast 5.107* 1.8 m/h
4 Moderate 5.107° 13 m/month
5 Slow 5.10°8 1.6 m/year
6 Very slow 5.1071° 16 mm/year
7 Extremely slow <5-10710 <16 mm/year
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Fig. 1. A) Maps of Chile and Los Lagos Region; B) Distance (12 km) from Chaitén and the volcano; and C) Map of ash and lahars deposits before the 2008 Chaitén
volcanic eruption, based on INFRACON [34].
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no consideration was given to traffic congestion, routes assigned to mobile emergency generators would result in low overall per-
formance in terms of support, with significant losses.

Regarding recent literature, several research works have aimed towards modeling and optimization of concerning aspects of
population evacuation under emergency such as route selection, global situation evaluation, among others [39-41]. Here, a relevant
point is how the decision-making process has been modeled given that present literature has centered evacuation representation in a
few behavioral variables [42], deriving into the utilization of assumptions such as bounded rationality and economically effective
decisions [43].

In some research, the evacuation starting point (or departure time) has been represented through the Rayleigh cumulative dis-
tribution function (CDF) —shown in Fig. 2- given that it properly represents typical evacuation data, as mentioned in Beloglazov et al.
[44]; for a wildfire evacuation simulation.

In the work of Mas et al. [45]; a Rayleigh distribution was used since it was found that it had an accurate fitting to an
earthquake-based surveyed data. In the research of Mas et al. [46]; the authors used the same probability distribution for departure
times in a Peruvian tsunami simulation, based on the same criteria as before. Another case where the Rayleigh distribution was
considered was the evacuation modeling of Solis & Gazmuri [47]; due to the sigmoid shape of the distribution and its domain. The
works of Wang et al. [48]; Takabatake et al. [49,50] also consider the Rayleigh distribution to model departure times in tsunami
evacuations.

Expression (1) shows the mathematical definition of the Rayleigh CDF, where f is a scale parameter related to the expected value
(u), and t the elapsed time from the moment when the disaster began (in case of an evacuation). One interesting point in the works
mentioned above is that all of them based their analysis and assumptions for the use of the Rayleigh distribution on Tweedie et al. [3].
However, this last research was developed as a methodology for estimating the evacuation time near a nuclear energy plant in
Oklahoma in the year 1980.

F(tlp) =1 - e<7> )

According to Tweedie et al. [3]; there are some crucial assumptions when using this distribution. The first one is related to the fact of
modeling evacuation time through a probability distribution. The second assumption, and more relevant for this research, is related to
departure times (preparation time before evacuation), because total evacuation time depends directly on this. This last point triggers
one of our research questions: When the initial time for a disaster evacuation should be considered? That is, When should the first
person start evacuating (considering all the people exposed to a threat)? Maybe, in high-impact and immediate-response disasters, like
earthquakes, this assumption could be addressed with a lower level of detail since the resulting differences could be just a matter of
seconds, which does not necessarily represent an outstanding displacement of the sigmoid curve.

On the other hand, on slow-response disasters like landslides, volcanic eruptions, or hurricanes, the scenario might be different
since the people exposed to danger have even more time for making decisions since these events can be categorized as non-disruptive.
As a consequence of the available time, an important displacement of the curve proposed by a Rayleigh distribution may occur. This
displacement is represented by the parameter d on (2), which represents our proposed, displaced Rayleigh distribution function

e
Felp,d) = 1 e< ! > @

As mentioned in Section 1, this paper seeks to demonstrate that a displaced Rayleigh distribution could provide a more accurate fitting
to evacuation data when compared to a non-displaced one (or the displaced distribution with d = 0). The displaced distribution will
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Fig. 2. Rayleigh cumulative distribution function for different values of f (scale parameter).
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extend previous research efforts by generalizing its application for different disasters (disruptive and slow-response) by setting a
displacement parameter (d). We approach this problem by developing and solving a non-linear optimization model minimizing the
error between the displaced Rayleigh distribution and a set of existing evacuation data. Data used for this research was obtained from
Favereau et al. [51]; where a multi-method simulation model was developed to represent the 2008 Chaitén evacuation caused by a
heavy rainstorm triggered landslide (after a volcanic eruption).

The decision-making process considered on Favereau et al. [51] was based on the risk homeostasis theory [52] and some psy-
chosocial factors found in Favereau et al. [53]. The risk homeostasis theory deals with human decision-making processes which are
modeled and decomposed under a comparison transition stage between a certain level of risk perception and risk acceptance, always
looking for an equilibrium (homeostasis) between both. This equilibrium is reached through decisions taken, which will increase or
decrease the risk levels. Despite that this theory was proposed in the context of the automobile accident field, it was demonstrated in
Favereau et al. [51] that it could be adapted to other fields like disasters (evacuations), particularly a landslide evacuation triggered by
a volcanic eruption. Fig. 3 shows the simplified homeostatic process for evacuation decision-making on disasters.

Fig. 4 shows the main results obtained in the multi-method simulation of Favereau et al. [51] based on the risk homeostasis theory.
It is essential to mention the scarce information available from real evacuation processes (Chaitén volcanic eruption in southern Chile,
2008). However, it is possible to see the accurate representativeness of the simulated curve against the real estimated evacuation
curve.

As Fig. 4 depicts, and even though the results obtained have a sigmoid appearance, a small percentage (3%) of evacuated people
remain in the site until 100 h after the eruption of the Chaitén volcano. Based on the latter, this research’s primary motivation was
finding if the Chaitén evacuation could have been modeled using just a probability distribution. Then a natural question arises: What
would have been the right moment for starting the evacuation curve? If there is enough available real data, the answer is easy: Carry
out a statistical process for fitting the Rayleigh distribution parameters. However, as it happens in most cases, such information does
not exist. Hence the errors induced by estimating the evacuation times from a Rayleigh distribution could be significant.

5. Rayleigh distribution fitting

As mentioned in Section 4, one of the objectives of this research is the fitting of a Rayleigh distribution, minimizing the mean
squared error (MSE), to the results obtained on Favereau et al. [51]. For this, a non-linear programming model is proposed.

Let i € N be the elements of the set of evacuation times (based on the simulation results), d € A C N the elements of the set of
possible departure times (curve displacement). s; denotes the percentage of evacuees in the simulation for each time i € N. 5;3 denotes
the percentage of evacuees in each time i as a function of departure time d. 4 is the mean squared error based on the prediction 54 for
each departure time d, and f is the scale factor associated with the prediction s, for each departure time d. Based on this, the following
non-linear optimization model is proposed

a
Accepted Summing
Level of Risk Point
b .
Perceived Deswed
Level of Risk Adjustment
(a—b=0)
Stay/Evacuation

Action

Fig. 3. Simplified homeostatic risk model process [51].
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Here the objective function (3) minimizes the sum of MSEs from all predictions in order to find the parameters that better fit to real
data. Constraints (3) compute the MSE for each departure time d. We choose this metric of error because it is differentiable in any
point, and it does not indeterminate in any of them, compared to another kind of error measures such as the Root Mean Squared Error
(RMSE), which in some cases it indeterminates itself when the argument of its squared root is 0.

Constraints (3) and (3) compute the predictions of the variables ;4. Here, it is important to note that when i < d the variable takes a
value of 0, while when i > d the variable takes a value associated with a displaced Rayleigh distribution. This is what makes it possible
to have a displacement (d hours) of the obtained curve. Constraints (3) and (3) correspond to the nonnegative nature of variables.

This model was solved through Ipopt solver (Interior Point Optimization), as it is recommended for non-linear optimization
problems.
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Fig. 5. Rayleigh distribution fitting.
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6. Analysis of results

The main result from this research comes from the comparison between the observed results in the simulation and the Rayleigh
distribution that has the lowest error. As Fig. 5 depicts, the results obtained through the optimization model (cyan curve) greatly
resembles the results obtained in the simulation (black curve); in fact, the MSE is 4.5. Furthermore, the magenta curve in Fig. 5 shows
the best possible fit (in terms of MSE) of a non-displaced Rayleigh distribution. Here it is clear to note that if a displacement of the
distribution had not been considered, then the best possible prediction of the evacuation times would not be very accurate.

In this case, it is very relevant to consider the value of d (90.8 h, approximately), which provides concrete evidence to the questions
formulated at the beginning of this article. This entails that the Rayleigh distribution parameters that resemble most of the simulation
results are different from 0. Thus, if we had used the Rayleigh distribution for modeling the evacuation decision-making process in the
case presented by Favereau et al. [51]; considering as the initial time the start of the eruption (0 h), the results obtained would have
been far from the reality, as the magenta curve shows in Fig. 5.

On the other hand, it is interesting to analyze what happens with the MSE for different departure times. In Fig. 6 we can observe
how the error decreases as the departure time (d) in the optimization model is reached. We clearly see that the minimum is located at
the point where the optimal solution of the problem is found (Fig. 5).

With respect to practical results for this research, it is known that several factors affect the comprehension of risk by individuals
exposed to it. Factors such as knowledge, trust, sense of community, experiences, proximity to the disaster zone, among others, has
been identified as the main precursors in individuals decision making under natural hazards [53]. As expected, these factors may also
affect the probability of perceived damage with respect to evacuation cost-benefit, and those who consider evacuation as high cost,
could simply decide not to evacuate [54]. Factors such as the sense of community and previous experiences play a key role as those who
have a higher social attachment to their residence zone, or those who haven’t had significant previous experiences in disasters could be
potentially prone to estimating a lower damage probability in future events.

The evacuation model determined for each phenomenon depends on the knowledge of the phenomenon previously obtained
through monitoring, forecasts and during its occurrence, for cases with greater uncertainty of information, risk profiles could be used.
In the case of a tsunami, the amount of existing data before and during the event allows knowing with greater certainty the intensity
and time of arrival of the water to the coast, unlike an earthquake or an eruption, where at the beginning of the phenomenon, the
maximum level of risk to which the nearby population is exposed is unknown, which coincides with the maximum degree or peak of
the phenomenon (or a set of them). According to Vega & Diaz [55]; risk is the result of the product between the Vulnerability Index and
the Intrinsic Threat Index, the latter is dependent on the probability of occurrence by the weighted sum of intensity, duration,
accumulation and extension, so that each natural phenomenon studied is capable of generating different manifestations in combi-
nation with its own characteristics or in cumulative effect with another phenomenon.

The case of Chaitén represents a volcanic event with significant ash deposits that shortly after are mobilized by heavy rains as a
lahar, as detailed in the section Time-dependent variables, which means that when modeling the evacuation, the effect of the risk
variables must be considered, as evidenced by the displacement of the Rayleigh curve. In addition, there may be a moment when the
phenomena become cumulative and the hazard manifests itself by increasing its magnitude significantly, increasing its threat level
[55] in a short period of time. From the above, it is inferred that for the occurrence of some phenomenon and its possible combination
of effects after the event, a specific risk profile is required to estimate the displacement of the Rayleigh curve that models the evac-
uation of the population, which could be obtained through the calculation of the risk.

Results shown previously could help to understand that evacuation decision-making modeling could have a significant displace-
ment in slow-response disasters. Obviously, these displacement should be related to the physical dynamics of the disaster (guided by
the detailed discussion on Sections 2 and 3), the social characteristics of the environment and the psychological characteristics of the
inhabitants in danger. It was also proved that the selection of the initial moment of the evacuation (in the Chaitén study case), did not
coincide with the exact moment when the eruption started, but approximately 90 h later (Fig. 5).

. 200 A —— MSE
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0 100 A
©
=]
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©
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0- T T T T T T
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Fig. 6. Mean squared error for each departure time (d).



M. Favereau et al. International Journal of Disaster Risk Reduction 67 (2022) 102678

In the Chaitén case, it was approximately in that moment (90 h after the beginning) when the eruption increased its intensity and
consequently caused a landslide by the overflow of the Blanco river. Therefore the population affected became aware of what was
happening; most of them were able to observe that there was an eruption of almost 20 km high in progress. Then, the question that
comes to mind is what is the reason (triggering factor) for which just a few people decided to evacuate before 90 h from the initial event
starting point? We have already seen that many factors influence such decisions, therefore thinking that the decision of not evacuating
is a consequence of the still low intensity of the disaster could lead to certain errors.

On the other side, what is clear now is that it is necessary to understand that the determination of the initial moment in an
evacuation process is not trivial, and if it is done incorrectly, it could lead to serious consequences for risk management institutions,
and worst, for people directly affected by the disaster. Therefore, information flows and behavioral responses seem relevant to the risk
communication. Misleading or inaccurate information, mainly in social media or informal sources, impose serious challenges because
it could lead to more spatio-temporal uncertainty and difficulties in the coordination and planning of evacuation processes [56].

7. Conclusions

Heavy rainstorms on movement-susceptible lands represent one of the riskiest scenarios for the generation of mass removals. Both
sensors and real time monitoring of meteorological variables could be an important asset when developing an early warning system.
Issuing early warnings during a disaster is of the utmost importance for properly handling and managing the evacuation processes of
people under risk. As the literature and the results of this research suggest, these evacuation processes can be represented with sigmoid
curves, and particularly using the Rayleigh distribution.

From the experience of the Chaitén eruption, it can be inferred that the characteristics of the natural hazard, together with its effect
over time or with other phenomena, have a direct impact on the risk to which the population is exposed. Bearing in mind that the
magnitude of the risk may increase suddenly due to the properties of the phenomenon itself itself, risk profiles could be necessary to
approach the displacement obtained from the modeling of the evacuation through a Rayleigh distribution.

It was possible to fit a displaced Rayleigh distribution function through a non-linear optimization model that seeks to minimizing
the MSE. The results obtained from this curve were compared and validated against results obtained in the multi-method simulation
developed in Favereau et al. [51] based on the risk homeostasis theory.

Based on the results obtained through this research, it is possible to identify the warning at the moment of modeling the decision-
making process related to evacuation when facing a disaster. Despite that Rayleigh distribution has been used in some research for
modeling evacuation decision-making under disruptive events, we should consider an extension of this approach by adding a
displacement parameter. This has an important implication, mainly related with the generalization of the application of the Rayleigh
distribution for modeling evacuation times. This removes the restriction of the application of the Rayleigh distribution only for
disruptive events and allows to have a more accurate forecast on evacuation times in any type of disaster (disruptive and non-
disruptive). This also has important implications in terms of evacuation planning, as it can serve as a support tool for decision-
making by risk management entities.

Considering the aforementioned, both questions stated at the beginning of the paper can be answered:

1. Regarding to the research question that makes reference to when people make the decision to evacuate under slow-response di-
sasters, many psychosocial factors influence such decision and, eventually, getting close to the risk homeostasis theory an answer
could be reached out but, just by using a Rayleigh distribution (with no displacement) could derive to serious errors, especially
when there is a lack of information associated with real evacuations.

2. With respect to the research question that makes reference to obtaining a displaced sigmoid curve, we concluded that this could be
obtained when using a fitted curve to the results of some simulation model that considers an evacuation decision, with a psy-
chological or social base, and if possible, with empirical data.

Finally, it would be interesting in the near future to determine a way to identify the starting point in an evacuation process, or in
other words, to determine what the displacement of the curve will be. Notwithstanding that risk homeostasis theory contributed with
evidence for a particular case, there is still a lot of work to do related to calibration and standardization of the model developed in
Favereau et al. [51]; something which may provide substantial advantages at the moment of determining displacements.
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