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A B S T R A C T

With the continuous growth of cities and the issues of insufficient space, indoor parking garages
have become a vital component of transportation systems. Since emergencies will occur sooner or
later, planning and organizing a successful evacuation plan for parking garages, with the aim of
reducing the evacuation time and improving the driver's behavior during evacuations, is needed.
This research presents a systematic approach for the development and evaluation of evacuation
strategies in such environments, through state-of-the-art sensitivity analysis that provides faster
convergence and lower computational burden. To demonstrate the proposed methodology, a
simulation model is developed using AIMSUN for a three-level indoor parking garage located in
Athens, Greece. Four scenarios with different evacuation strategies and plans are considered. A
multi-step sensitivity analysis framework is implemented to overcome the uncertainties that
emerge from the model assumptions, model inaccuracy and shortage of data. Sensitivity analysis
is used to evaluate the consequences of the proposed scenarios and estimate the total time to
evacuate the parking garage. The full experimental design resulted in the automated execution of
more than 80 thousand simulations, corresponding to approximately 65 processor-days. The
results of this research show that the developed methodology provides significant reduction in
evacuation time (from 35% to over 40%). This process provides useful and credible ranges of
expected evacuation times under all plausible outcomes.

1. Introduction

Successful emergency management depends on the early preparation actions that must be taken before the disaster [45] and on
the capability of reducing evacuation time as much as possible. Human behavior, during emergency situations, has proven to be
unpredictable. Evacuation situations have been the topic of extensive research investigation. Wang et al. [49] and Lammel et al. [31]
considered tsunami evacuation situations, Yin et al. [50] studied a hurricane evacuation case, while Simonovic and Ahmad [45]
examined the human behavior during flood emergency, to name a few. However, to the authors’ knowledge, indoor parking facilities
have not been the subject of intensive investigation so far, even though they tend to be extremely dangerous in case of a disaster, as
indoor parking garages are closed environments with limited access.

Microscopic traffic simulators are traditionally useful tools for designing, evaluating and optimizing transportation systems, for
evacuation procedures and for accurately reproducing reality. However, the capability of a model to properly replicate the actual
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situation, evaluate the consequences of a new strategy or compute outputs of a transportation system, is significantly influenced by
the value of the model input parameters [13]. Hence, traffic models must be calibrated in order to precisely describe reality [2,5].

The topic of this research is related to the modeling and simulation of the evacuation of large indoor parking facilities. The
evacuation process leverages microscopic traffic simulation software [8]; while intended for the modeling of regular road networks, it
was possible to apply such software to accurately model indoor parking garages, where special maneuvers are performed. Besides
modeling the “do nothing” reference case, the microscopic traffic simulation model was used to also evaluate different strategies to
improve evacuation time.

Since data for evacuation cases are from scarce to non-existent, we employ sensitivity analysis to analyze these scenarios. State-of-
the-art sensitivity analysis techniques are used to determine which parameters most influence the output and to obtain distributions
of the expected values of the evacuation times.

Input and output scatter plots technique, possibly the simplest method to perform sensitivity analysis, was used initially to identify the
most influential parameters. Then, a variance-based method was used to compute and compare sensitivity indices of the main parameters,
based on Sobol's decomposition of variance [46], which is considered as one of the most recent and effective global sensitivity analysis
techniques. An exploration of pseudo-random and quasi-random numbers has been performed in the context of the experimental design of
the variance-based method to obtain a faster rate of convergence. Naturally, as this task involved running thousands of simulations, a
programmatic framework (based on Matlab and Python) has been developed to execute the sensitivity analysis.

While this methodology is applied to the field of evacuation of underground facilities, in this research, there is nothing domain-
specific about it. In fact, it is absolutely general and can be applied to any problem, perhaps with minor modifications or extensions.

The remainder of the paper is structured as follows. A literature review is presented in Section 2, followed by a presentation of the
methodological and simulation framework in Section 3. Section 4 presents the sensitivity analysis techniques used in this research.
The case study setup and results are presented in the Sections 5 and 6 respectively, followed by a discussion of the results and the
computational effort required in Section 7. Finally, conclusions are drawn and directions for future research are outlined in Section 8.

2. Literature review

Evacuations are not rare events, they can be needed anywhere, anytime and must be executed according to pre-planned strategies
and advanced warning time in order to effectively implement the needed management policies [35]. Therefore, evacuation situations
have been the subject of extensive research investigation activities during the past decades, with the majority focusing on evacuation
planning, evacuation optimization and evacuation simulation of areas imposed because of an emergency incident. Jha et al. [28] used
the microscopic simulator MITSIMLab to evaluate an emergency evacuation planning of Los Alamos National Laboratory, New
Mexico. Five different scenarios were developed, each with a different strategy, as a full or partial closure of various roads or a limited
access to some facilities in order to improve the total evacuation time and the needed time to only evacuate the population within the
most dangerous areas. Balakrishna et al. [6] developed a dynamic traffic assignment-based tool for the support of emergency si-
tuations, with a particular emphasis on behavioral aspects.

Bae et al. [4] developed an evacuation agent-based model to describe an evacuation process of a metropolis imposed during a
bombardment. Duanmu et al. [18] studied the effects of re-routing, demand rates and active control measures on the evacuation
process and found that an active traffic control management can lead to a significant decrease in the total evacuation time.

A multi-objective evolutionary algorithm and a geographical information system (GIS) have been proposed [41] to assist in
evacuation planning by guiding people to safe areas through suitable route patterns, while Fang et al. [19] utilized a modified ant
colony optimization algorithm and applied it on a large scale stadium in China to solve the evacuation routing problem with the aims
of minimizing the total evacuation time and the total evacuation distance. A distributed building evacuation simulator (DBES) has
been designed by Dimakis et al. [16] to evaluate the success rate of different evacuation strategies in confined environments. The tool
is capable of simulating different types of entities/agents that may need to be evacuated and different evacuation strategies for each
type simultaneously. In addition, DBES can be run on different servers to minimize the execution time. Other studies relied on
opportunistic networks [37], where mobile nodes are able to communicate and share data with each other. Such technology enables
each pocket device (e.g. mobile phones) to broadcast emergency information and messages to other devices based on its local view
and understanding of its environment which is updated via opportunistic communication systems [25,27]. Moreover, Gelenbe and
Huiobo [22] proposed a cloud-enabled indoor emergency response system, used in environment without proper infrastructure (e.g.
sensors are not pre-installed and WiFi access points are out of service due to hazards) to alarm and guide evacuees. Results show that
the proposed system can improve the evacuation process and guide civilians with depleted mobile phones towards other evacuees
rather than roaming randomly in the building.

The concept of hierarchical decision making has been also adapted to guide different types of evacuees based on their capabilities,
age, mobility etc. Doing so can enhance the effectiveness of the evacuation process significantly Akinwande et al. [1]. Simulation-
based pedestrian evacuation has seen a lot of interested recently. For example, Chen et al. [10] explicitly incorporate collision
avoidance during evacuation in classrooms (with aisles) in a cellular automaton model, while Liu et al. [33] propose a social force
model for simulating crowd evacuation, using real video data to steer the model parameters in a way that minimizes congestion. Gan
et al. [20] combine optimization and simulation to determine optimal evacuation plans for individual evacuees. Simulation of
evacuation from restricted environments (e.g. high-rise buildings) is the topic of several recent articles (e.g. [9,17,29]).

Traffic simulation aims to reproduce real traffic situations, but the modeling process will always involve a number of un-
certainties, due to basic modeling assumptions, structural equations, level of discretization, numerical resolution method and data
inaccuracy or data shortage [40].
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“What makes modeling and scientific inquiry in general so painful is uncertainty. Uncertainty is not an accident of the scientific
method, but its substance” [43]. In order to overcome these difficulties, researchers have been using sensitivity analysis techniques.

The purpose of sensitivity analysis is to understand “how uncertainties in the model outputs can be apportioned to different
sources of uncertainties in the model inputs” [42]. However, and despite the importance of sensitivity analysis in modeling fields,
there are few examples in the literature, where it was applied on evacuation investigation.

Prionisti and Antoniou [38] performed a simple sensitivity analysis to obtain ranges of possible outcomes of evacuation scenarios,
based on the premise that it is unlikely to obtain data for evacuations situations. Lownes and Machemehl [34] applied “one at time”
(OAT) sensitivity analysis, where only one parameter varies in each step, on a VISSIM model to investigate the impact of driver's
behavior parameter combinations on the capacity of a freeway. Campolongo et al. [7] used “Elementary effect sensitivity analysis
methods”, an intelligent straightforward and economic alternative to OAT to estimate the total order sensitivity analysis indices.
Simonovic and Ahmad [45] developed a computerized simulation model for capturing human behavior during flood emergency
evacuation using a system dynamics approach. Different scenarios were implemented and sensitivity analysis was applied to in-
vestigate the influence of planning on the evacuation process. Kostovasili and Antoniou [30] used a simulation-based experimental
setup (combining python and MATLAB with the AIMSUN traffic simulation package) and sensitivity analysis to evaluate alternative
evacuation plans for the island of Santorini, in Greece.

Quasi optimized trajectory based elementary effects (Quasi-OTEE), another sensitivity analysis approach, was applied by Ge and
Menendez [21] to find out the most influential parameters of a traffic simulation model by computing sensitivity indices. The quasi-
OTEE technique is tested, by the authors, through an AIMSUN model of a small network and a more detailed VISSIM model of Zurich.
Applying sensitivity analysis to a complex model requires many model simulations, which can be very expensive and time consuming.
To overcome these difficulties, Ciuffo et al. [12,14] performed a sensitivity analysis of a mesoscopic AIMSUN model by using low
discrepancy sequences (Sobol) and Gaussian process metamodels.

VISSIM has been used by Shao et al. [44] to simulate different evacuation scenarios, for the Beijing National Stadium's parking
facilities. The scenarios were analyzed to study issues related to vehicles during an evacuation process from parking lots, underline an
efficient plan and predict the needed time to evacuate the last vehicle in the parking. However, sensitivity analysis has not been
practiced to surpass the model uncertainties.

Ciuffo et al. [11] illustrated the role of sensitivity analysis in the management of modeling uncertainties, applied a variance-based
procedure (one of the most advanced techniques in sensitivity analysis’ field) and concluded that in traffic simulation models only a
few of the input parameters have a significant influence on the variance in the model outputs.

More recently, Lima Azevedo et al. [32] calibrated a MITSIMLab microscopic simulation model using a multi-step sensitivity
analysis framework. The variance-based technique, the group variance-based and the quasi-OTEE screening methods, in addition to
different meta-modeling and optimization techniques, were used for safety analysis of an urban motorway and to optimize the input
parameters.

To conclude, traffic simulation models have been widely used with sensitivity analysis to overcome the different sources of
uncertainty. In addition, evacuation situations have been investigated. However, the use of sensitivity analysis in emergency models,
to the authors’ knowledge, is still limited especially for indoor parking garages. Therefore, a proposed sensitivity analysis framework
is presented and applied, in this research, using an AIMSUN model for a three-level indoor parking garage.

3. Methodological and simulation framework

Traffic simulation of evacuation process methodology includes the designation of all the elements of the simulation procedure,
incl. origin-destination table, description of the mathematical model to be used, execution of simulations and evaluation of the
results. However, the actions that should be taken and the implementation of the methodology are directly related to the objective of
tested scenarios and their specific characteristics. For that reason, it is important to describe the purpose of the study and the
characteristics of the scenarios that are examined, in order to illustrate the actions that should be performed to implement the
methodology.

In the present research, the main case is the evacuation of closed environments with limited access (parking garage, hospitals,
football stadiums etc.), because of a case of emergency, such as an earthquake, flood or fire. The main methodology needs adjust-
ment, because of different characteristics, particularly the lack of real-time data on the driver behavior and the general mathematical
model that governs the process of evacuation. Hence, there is a need to perform sensitivity analysis, which is used to identify the
parameters that have a major influence on the results. Therefore, a comparison of results from different sets of parameters is needed.
These values shall be chosen, following a pseudo- or quasi-random technique, within the predefined boundaries, as a function of the
levels of analysis. Furthermore, each set of parameters should be executed for a minimum number of iterations in order to normalize
the result and eliminate the randomness of a single simulation.

First, parameters that are believed to affect the results are identified and the “do nothing” scenario, which replicates the actual
policies of the closed environment, is developed. Second, a straightforward sensitivity analysis technique (e.g. input output scatter
plot) is applied as a screening step to identify the parameters that have a significant influence on the results and the number of
combination needed to reach convergence. Once the aforementioned steps are completed, the different scenarios to be studied are
prepared, with each one having its own evacuation plans and strategies. Next, a more advanced sensitivity analysis technique (e.g.
variance-based method based on the Sobol decomposition of variance) is applied on each scenario. Finally, results are investigated to
evaluate the consequences of the proposed scenarios and estimate the total time to evacuate the facility (Fig. 1).
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4. Sensitivity analysis

Every model, regardless of the degree of complexity, is still a simplified version of the real world. In view of that, model
uncertainty shall be taken into consideration according to the inputs parameters, which can be the outcome of the uncertainty
in the system, the errors or the lack in the data and the inaccuracies or assumptions of the model. Therefore, calibrating the
model parameters by using real data can significantly reduce the uncertainties. However, since no data for evacuation process
in case of emergencies is available to calibrate our models, sensitivity analysis of the considered scenarios should be performed,
using state-of-the-art techniques, so that we can obtain distributions of the expected values of the evacuation times, and to
determine which parameters influence the output. Sensitivity analysis has been utilized in several research environments in
order to rank the inputs according to their influence on the output, identify which parameters should be calibrated and obtain a
clear idea about the expected results by using different techniques. Among others, we mention, input and output scatter plots,
one-at-time (OAT) sensitivity analysis, the elementary effect test, the sigma-normalized derivatives, the partial correlation
coefficient analysis, the standardized regression coefficient analysis, Monte Carlo filtering, metamodeling, factorial analysis of
variance (ANOVA), the Fourier amplitude sensitivity test, and the variance-based method based on the Sobol decomposition of
variance.

First, r parameters are selected for the input output scatter plot sensitivity analysis, which is applied on the first scenario. This
technique is a graphical method used to indicate visually how variations in inputs affect an output and can be used as a screening
step, by selecting the most influential parameters, before any further analysis [40]. After collecting, plotting and evaluating the
results, parameters that affect the output are selected (r1). Next, k different scenarios are prepared, with each one having its own
evacuation plans and strategies and variance-based method based on the Sobol decomposition of variance technique could be em-
ployed on each scenario separately (Fig. 2). This method is a global sensitivity analysis method used to distribute the outputs’
uncertainty according to each input parameter in order to estimate the linear first-order effects and the interaction (total-order)
effects between the inputs. This method involves the running of several model simulations in which the model input parameters are
drawn from estimated probability distribution functions according to a specific design of experiment. The experimental design of the
variance-based method could be based on different sequence of numbers such as pseudo- or quasi-random. However, the quasi-
random distribution is believed to grant a faster rate of convergence.

Any sensitivity analysis approach involves running thousands of simulations, something that cannot be performed manually,
thus it must be accessed programmatically for accuracy and time saving by using a programming language and a simulator that is
defined as “interactive environment of algorithms’ development”. In this case study, the programming language MATLAB, the
simulation software AIMSUN, and a script in python language are used. AIMSUN communicates via MATLAB to another file (a
python script), which contains all the necessary information to execute the simulation (network file, test code, parameter values,
etc.). Once all the inputs are set and entered in the network file, the simulation is executed and the results are stored in the
database. Then, the needed data are collected and stored in an excel file by using a MATLAB algorithm. This procedure is repeated
as many times as the number of parameters’ combinations that is defined, multiplied by the minimum number of iterations
required for each (Fig. 2).

Fig. 1. Overall methodology.
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4.1. Input & output scatter plot technique

The scatter plots method is considered as the simplest method to perform sensitivity analysis and is usually used to visualize how
inputs variations can affect the results.

Let's assume the general model formulation:

= …Y f Z Z Z( , , , )r1 2 (1)

where Zi represents the model input and Y the model output.
First, we build a Monte Carlo experiment by generating N possible combinations of the r input parameters, thus obtaining the

following matrix:
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Finally, and for each input parameter, we plot the elements of the output vector Y against the ith column of the input matrix M.
Thus, we obtain r scatter plots. By analyzing the various plots, it is possible to identify the most important input parameters (r1) that
affect the model outputs. If the cloud of points of the scatter plots does not indicate a pattern of correlation, then the input parameter
has no influence on the results. As for the inputs that may have a significant influence, the cloud of points will have more or less a
defined shape.

4.2. Variance-based method

Variance-based method based on the Sobol decomposition of variance is considered as one of the most recent and effective global
sensitivity analysis techniques.

Although, Sobol [47,48] was the first to provide a formulation for this method, his analytical derivation and the Monte Carlo-

Fig. 2. Detailed methodology and simulation framework.
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based implementation of the theory are not straightforward. In the following, we use the latest methodology illustrated by Saltelli
et al. [[43], 2008].

First, random numbers are used to generate two (N, r1) matrices (A and B) for the input variables of the model.
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where N the size of the Monte Carlo experiment (Number of needed combinations) and r1 number of input parameters.
Next, a set of r1 matrices designated C is obtained by assembling r1 matrices equal to A except for the ith column (with i varying

from 1 to r1 among the r1 matrices) taken from B.
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Then, the model is replicated for all [N(r1+ 2)] combinations of input variables, as given by matrices A, B, and C, to produce the
vectors of output yA= f(A), yB= f(B) and yCi= f(Ci) for i= 1, …, r1. These vectors are sufficient for the evaluation of the first-order
and total-order indices. Sensitivity indices can be then evaluated using the following formulations (Saltelli et al. [[43], 2008):

First order Sensitivity Index:
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Total order Sensitivity Index:
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The first-order sensitivity index is a very important measure for determining how much the correct definition of a model input
may reduce the overall variance of results, while the total-order index provides the sum of all the interaction effects involving the ith
factor [14].

Finally, it is worth noting that there is no method to predict the exact value of N. It can vary from a few hundred to several
thousand. A possible heuristic strategy that is often adopted is to plot the sensitivity indices against N in a graphical form and observe
whether the results reach convergence. If sensitivity indices are not stable yet, it would be necessary to increase N.

4.3. Quasi random vs. pseudo random numbers

“The concept of “real” random numbers is a mathematical abstraction: there are no such numbers in nature” [46]. Pseudo-random
numbers are computed from a specified formula; however they are considered to be a good option. Furthermore, generating pseudo-
random numbers is a much simpler method than using a complex process to generate values for a specific range, since as many values
as needed can be generated. If, after analyzing the results of the simulations, more parameters or more runs are desired, it will be a
straightforward matter to generate more without compromising the previous results. Unfortunately, as shown later, pseudo-random
samples tend to have clusters and gaps. “Where a cluster occurs, function values in that vicinity are overemphasized in statistical
analysis. Where a gap arises, function values within that gap are not sampled for statistical analysis” [43]. Therefore, using this type
of values can increase the needed time to reach convergence.

Sobol's quasi-random sequences, also known as low-discrepancy sequences, grant a faster rate of convergence and a better ac-
curacy as they provide a better distribution in a given volume than pseudo-random numbers [15]. This sequence was first introduced
by Sobol [15] and is considered one of the most suitable sequences to be used for the estimation of variance-based sensitivity indices
[43].

5. Case study setup

5.1. Data collection

In this case study, the selected application was modeling and simulation of the evacuation of a three-level garage parking with
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602 parking spots, located in Athens, Greece (Fig. 3), access to which was granted by Cityzen Parking & Services, the market leader in
parking management in Greece.

The evacuation process was developed using the microscopic traffic simulation software AIMSUN, an integrated traffic simulation
software. It is designed to replicate regular road networks and used for traffic engineering, traffic simulation and transportation

Fig. 3. Location and layout of the modeled parking facility.
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planning. In order to model parking garage facilities, we had to “stretch” the simulator to accurately model parking garage en-
vironments, for which it was not designed.

The following assumptions were adopted:

• Parking spots are modeled as short roads;
• Vehicles are assigned by using the Origin / Destination (O/D) matrix (with parking lots as Origins and exit gates as Destinations);
• The Parking garage is considered to be full;
• Only passenger cars are assumed to be inside the parking garage. Trucks and motorcycles were not taken into consideration;
• Traffic generation is considered to be “ASAP”: vehicles are entered in the network ‘as soon as possible’, i.e. as soon as there is some
space available in the input section. This model is intended to make the most use of the network entrance capacity. It could be
used, for example, for simulating evacuation situations. In this case, no headway is generated. At the beginning of each time slice,
the total flow to be input during the slice is ‘piled up’ at the entrance section and vehicles are entered into the section one after the
other as soon as the previous one has left enough space [8].

5.2. Scenario development

Successful emergency management depends essentially on the capability of reducing evacuation time (and its uncertainty) as
much as possible. Planning and organizing the entire process will definitely limit any opportunity of having chaos. In addition,
providing guidance should decrease the needed time to evacuate the last car in the parking. Therefore, four different scenarios with
different policies were implemented in order to reduce the evacuation time and guide emergency planners through the most effective,
optimistic and successful strategies that must be taken into consideration.

1 Do nothing—Base case scenario: where cars are allowed to exit the parking using the original supply strategies and plans (en-
trance gates, exit gates, corridors, ramps, lanes etc.).

2 Ramp reversal scenario: the under-study parking garage consists of four ramps, two used to go down (in) and two to go up (out). In
this scenario, cars are allowed to use all the ramps to move from one level to another and leave the parking.

3 Counter flow—Ramp and Entrance gates scenario: the strategy of this scenario comprises, in addition to the use of all the ramps,
the utilization of the entrance gates as exit gates during the evacuation process. It is important to mention that this strategy
encounters various challenges, as cars have permission to go through the opposite flow direction. This could lead to a number of
conflicts on the roads with passing vehicles. Crashes could occur and conflicts might block the flow and stop the evacuation
procedure. Consequently, several actions must be taken around the parking garage to ensure a successful evacuation plan.

4 Counter flow—Ramps & entrance gates+ Two lanes in corridor scenario: corridors of the under-study parking are 6m wide. The
strategy of this scenario comprises, besides the use of all the ramps and the entrance gates, using the corridor as two lanes instead
of one. This scenario allows the cars to utilize the full supply capacity of the parking garage during the evacuation operations.

5.3. Selection of key parameters

As mentioned earlier, a reliable sensitivity analysis requires many model runs. Besides, the more input parameters are used, the
more the model tends to be computationally expensive and sensitivity analysis can easily reach a point where it becomes an un-
feasible technique. However, there are no guidelines to select input variables that should be used during the evaluation of sensitivity
analysis and no recipes for their distributions.

Microscopic traffic simulators, such as AIMSUN, which was used in this research, involve a large number of parameters, typically
many dozens, and perhaps up to a hundred. While the presented methodological framework is not in any way limited, with respect to
the number of parameters that it can consider, in the case study presented in this research, we consider in detail a small subset of
these. The rationale behind this decision is two-fold. First, the scope of exploring the entire number of parameters is indeed very
large, and we need to consider how to approach it in future research. Furthermore, not all parameters are relevant for the specific
case that we are considering in this research. For example, since we are modeling evacuation from a large parking facility, features
like lane-changing do not play an important role (as vehicles tend to follow a lane/corridor, and if they change “lane” it is more of a
merging manoeuvre, than a lane change). Similarly, demand-side parameters, such as route choice parameters are less critical, as a
small number of options are available, and possibly prescriptive information is provided. Therefore, we have performed a pre-
screening of the parameters, based on this logic. The formalization of this pre-screening step is an interesting future research di-
rection.

Consequently, a small number of parameters that describe driver's behavior have been only selected for this study (ranges based
on [26,36,44]):

• Maximum acceleration: the maximum acceleration, in m/s2, that a vehicle can achieve under any situations: 0.8–3.5m/s2.
• Normal deceleration: the normal deceleration, in m/s2, that a driver can employ in order to respond to the preceding vehicle
deceleration: 1.2–5.2m/s2.
• Maximum speed: the maximum speed, in m/s, that a vehicle can reach under any circumstances: 20–40 kph.
• Reaction time: the time it takes for a driver to react to speed changes in the preceding vehicle: 0.4–2.5 s.

G. Sfeir et al. Simulation Modelling Practice and Theory 89 (2018) 160–174

167



The ranges of these values can certainly be further elaborated and investigated, especially since the emergency situations modeled
in this research have not been extensively investigated. It is particularly interesting to investigate the impact of extreme values within
these ranges.

5.4. Sensitivity analysis

As previously mentioned, several techniques have been utilized in the past for analyzing the sensitivity of a model. For the
evacuation of the parking garage, we started with the simplest method: “input and output scatter plots”. Four input parameters were
selected for the sensitivity analysis of this experiment: maximum acceleration, normal deceleration, maximum speed and reaction
time. Five hundred pseudo random combinations between all the parameters were generated and the first scenario “Do Nothing”,
where cars are allowed to exit the parking using the original strategies and plans (entrance and exit gates, lanes etc.), had been chosen
for the simulations. Each set of parameters was executed 10 times in order to normalize the result and eliminate the randomness of a
single simulation (as discussed in [3], p. 43). This technique helps ranking the inputs according to their influence on the output and is
used as a screening technique before any further analysis [40]. After collecting, plotting and analyzing the results, two out of four
parameters, reaction time and maximum acceleration, have been labeled as the most important factors and were selected for further
exploration.

Next, a variance-based method with pseudo random numbers was called in order to calculate sensitivity indices and study in
depth the relation between inputs and outputs. Two matrices, A and B, with five hundred pseudo random combinations each, were
generated. Then, a set of two other matrices designated C were obtained by assembling two matrices equal to A except for the ith
column (with i=1 and 2) taken from B. In total, the first scenario was simulated for four matrices with a total of 2,000 pseudo
random combinations. Unfortunately, convergence was not reached, using pseudo-random numbers. Given that convergence should
be reached for both first and total order sensitivity indices and since quasi-random sequences are known to grant a faster rate of
convergence than pseudo random numbers, we recreated the same variance based experimental setup with quasi random numbers.
Convergence was reached for both indices after only 300 iterations.

6. Case study results

6.1. Sensitivity analysis

6.1.1. Do nothing scenario
As mentioned before, the first scenario was the subject of a multi-step sensitivity analysis framework. This includes the input and

output scatter plots screening method, variance-based method with pseudo random numbers and the variance-based method with
quasi-random numbers. It had the intention to select and rank the most influential parameters before any further analysis of the
remaining scenarios.

6.1.1.1. Input & output scatter plot technique. Five hundred pseudo random combinations between all the parameters have been
generated with each set being executed 10 times in order to normalize the result and eliminate the randomness of a single simulation
(as discussed in [3], p. 43). In total, the AIMSUN model was executed 5,000 times. The results are plotted in Fig. 4. As a large number
of points are plotted in the same point, it is not always easy to identify the density of the points. To overcome this, we plot the points
as semi-transparent grey; thus, areas with higher point density appear with a darker color, assisting in the interpretation of the
figures. After collecting and plotting the results (Fig. 4), the following observation was made: Maximum Speed and Normal
Deceleration vs. Evacuation time plots do not have a defined shape. Hence, they do not exert any influence on the output and could
thus be eliminated from further analysis. For the maximum acceleration, three exponential bends can be noticed (possibly
corresponding to the vehicles exiting from each of the three levels of the modeled underground facility), while for the reaction time a
linear relation with the model output, evacuation time, is detected. Thus, this experiment has shown that maximum acceleration and
reaction time are the most influential input parameters, whereas maximum speed and normal deceleration can be assigned to a
(reasonable) value without affecting the model outcome as much.

6.1.1.2. Variance-based method. In the second step, maximum acceleration and reaction time were only included in the design of the
variance based method experiment. Two matrices, A and B, with five hundred pseudo random combinations each were generated.
Then, a set of two other matrices designated C were obtained by combining the two initial matrices A and B. In total, it took 20,000
iterations to complete the experimental design of the variance-based method. In the third and final stage, the same experimental
design from the second step has been re-created, but with quasi-random numbers. AIMSUN was executed again 20,000 times to
complete all the runs. Fig. 5 shows the results of the executions using pseudo-random vs. quasi-random numbers. It became apparent
that convergence was reached much faster for both sensitivity indices (and well below 300 random numbers), when the quasi-random
numbers are used. As a result, for the three remaining scenarios, variance-based method based on the Sobol decomposition of
variance with three hundred quasi-random combinations are used in order to obtain fast and effective results.

6.1.2. Remaining scenarios
For the remaining scenarios, the variance-based method based on Sobol sequences was applied. Two matrices, A and B, with three

hundred quasi-random combinations each were generated. Then, a set of two other matrices designated C were obtained by
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Fig. 4. Input-output scatter plots.

Fig. 5. Variance-based sensitivity analysis—summary plots.
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combining the two initial matrices. In total, it took 12,000 runs of the AIMSUN model for each scenario to complete all the simu-
lations of the experimental design. As a final point, we plotted the results, calculated and generated the sensitivity indices for all
scenarios, based on the variance-based method with quasi random numbers (Fig. 6). Similar exponential and linear shapes were
observed for the maximum acceleration and the reaction time respectively, but with different slopes and different evacuation time

Fig. 6. Results of all scenarios—quasi-random numbers.
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ranges. For the maximum acceleration, the same three exponential bends can be observed, which—as discussed, probably correspond
to the vehicles departing from each of the three underground levels. Moreover, for the reaction time, three distinct linear relations
with the model output, evacuation time, appeared, leading to the expectation that those bends are related.

7. Discussion of results and computation time

Variations of sensitivity indices according to the different scenarios are presented in Table 1. Moving from the first scenario to the
last one, which includes a set of new rules and policies, sensitivity indices of the reaction time were reduced between 20 to 25%,
while the first and total order index of the maximum acceleration have increased by nearly 300%. This could be due to the fact that
the strategy of the last scenario allows the cars to benefit from the full supply capacity of the parking garage during the evacuation
operations by using the corridor as two lanes instead of one, in addition to all the ramps and the entrance gates. Increasing the supply
capacity would lessen the burden of congestion during the evacuation process and allow the drivers to use higher speeds, something
that requires higher accelerations. It should be noted that Table 1 summarizes the sensitivity indices estimated using the variance-
based method with quasi random numbers. These results reflect the patterns in Fig. 6. It can be noticed that as sensitivity indices
increase, plots become denser and more compact. For example, by going from “Do nothing scenario” to “Counter+ 2 lanes scenario”,
the first and total order sensitivity indices of maximum acceleration increase by 297.77% and 291.73%, respectively (Table 1). This
large difference is reflected in Fig. 6, where the maximum acceleration plot of scenario 1 has exponential patterns with large margins

Table 1
Sensitivity indices from the variance based method with Quasi random numbers.

Sensitivity indices summary First order SI Total order SI
Maximum acceleration Reaction time Maximum acceleration reaction time

Do nothing scenario 0.0698 0.9132 0.0867 0.9145
Ramp reversal scenario 0.0316 0.9482 0.0869 0.9095
Counter flow - ramp & entrance gates scenario 0.0578 0.9515 0.0918 0.9030
Counter+2 lanes scenario 0.2776 0.7245 0.3396 0.6830
Total variation (between first and last scenario) 297.77% −20.66% 291.73% −25.32%

Fig. 7. Variation of evacuation time by scenario.
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while the plot of scenario 4 is more compact.
The final simulation results (Fig. 7) strongly confirm that every strategy has an impact on the evacuation process. In the first

scenario “Do Nothing”, where cars are only allowed to use the original supply policies, the expected time of the evacuation process
varies between 15.6 and 49.8 min. The range of results for this scenario is wider than in the following scenarios, as the vehicles have
more opportunities to move within the underground parking facility, since there are no restrictions, as in scenarios 2 through 4.
Allowing the use of the two ramps (second scenario), reduced the minimum and maximum evacuation time to 13.6 and 40.3 min
respectively. Implementation of “entrance gates” strategy in the third scenario permitted a further decrease of the maximum and
minimum time by approximately one minute. However, the most significant reduction was achieved in the last scenario. Adding the
option of using the parking corridors as two lanes to the previous strategies reduced the minimum and maximum expected evacuation
time to 9 and 32.5 min respectively. Thus, going from the first scenario “Do nothing” to the last one led to a drop in the total
evacuation time between 34.74 and 42.31%, which strongly supports the reliability and effectiveness of this research, since the
developed methodology provided a significant reduction in evacuation time.

Finally, computational costs estimation of the different scenarios is presented in Table 2. The total computation time was around
65 CPU-days. It is noted that this refers to a regular CPU, and the computational overhead decreases, as processing hardware becomes
faster. Furthermore, it is worth noting that this process is fully parallelizable, in the sense that all runs can be executed in parallel, as
they do not depend on each other. Therefore, the computational time decreases linearly with the increase in the number of cores used
for the simulations. To give a practical example, using 10 CPUs would mean that the presented computations would be completed in
less than a week. If these CPUs were twice as fast as the one used in this research, then the entire process could be completed in a
long-weekend.

8. Conclusion

With the increasing growth of cities and the lack of space, indoor parking garages have become a vital component for any
transportation system. Since emergencies will occur sooner or later, preplanning is necessary especially for indoor parking facilities,
as their closed environments and limited access rank them among the most dangerous places in case of disaster. Therefore, preparing
a successful emergency evacuation plan with the aim of reducing evacuation time as much as possible is a necessity to prevent any
chaos among drivers.

Traffic simulation is a useful technique for planning and testing evacuation strategies. However, to predict what could happen in
real emergency situations, models should be calibrated, something that can be very complicated, without sufficient real data. In this
case study, the model suffers from three main types of uncertainties: basic modeling assumptions, including the inherent model
stochasticity, data inaccuracy, and data shortage. Traffic simulation models try to replicate reality using sets of mathematical rules
and assumptions. Although, advanced and complex traffic simulators exist, models are still simplifications of reality. In addition, data
for emergency events, especially evacuation of indoor parking garages, are from scarce to non-existent. That said, evacuation models
suffer from uncertainty in the parametric inputs. To deal with the uncertain model parameter values and the model inaccuracy, in
recent years, some studies have made use of sensitivity analysis, a powerful tool to overcome the different sources of uncertainty.

In this study, four different scenarios were developed using the AIMSUN simulator in order to test different evacuation strategies
for an indoor parking garage and their consequences on the total evacuation time. Since there is no data available for evacuation
process in case of emergencies, sensitivity analysis of these scenarios was performed so that we can obtain distributions of the
expected values of the evacuation times and determine which parameters most influence the output. The first scenario was the subject

Table 2.
Computational costs estimation.

Scenarios Number of
parameters

Number of
matrices

Number of combinations Total number of
simulations

Computation time (CPU-
Days*)

Scenario 1
Input & Output Scatter plots 4 1 500 5,000 3
Variance (pseudo-random

numbers)
2 4 500 20,000 16

Variance (quasi-random
numbers)

2 4 500 20,000 16

Scenario 2
Variance (quasi-random

numbers)
2 4 300 12,000 10

Scenario 3
Variance (quasi-random

numbers)
2 4 300 12,000 10

Scenario 4
Variance (quasi-random

numbers)
2 4 300 12,000 10

Total computation time (CPU-days) 65

⁎ CPU-Days corresponds to days time CPUs. Using multiple CPUs linearly decreases this time duration. Also, this is indicative and based on the
modest CPU used for this specific research.
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of a multi-step sensitivity analysis framework. In the first step, input and output scatter plots technique was used as a screening phase
to select the most influential parameters, before going through any further analysis. The second step consisted of using the variance-
based method with pseudo random numbers and the selected parameters from the screening part. However, convergence was not
reached. Hence, as a final stage, variance-based method with quasi random numbers was utilized and convergence was reached after
only 300 iterations. This last step proved to be an efficient and fast technique to calculate sensitivity indices and plot the influence of
input variations on the model output. Consequently, it was used to evaluate the remaining three scenarios. Results of sensitivity
indices showed that reaction time is the most influential parameter with variation in maximum acceleration having a slight impact on
the model. Nevertheless, in going from one scenario to another and by adding different strategies and policies, the impact of reaction
time decreased, while maximum acceleration influence increased significantly.

To summarize, the AIMSUN model showed to be capable of simulating the effect of different evacuation policies and the sen-
sitivity analysis that was performed and documented in this research proved to be very helpful in finding the most important
parameters and estimating the expected evacuation time of each strategy. Besides, this study offered a sensitivity analysis framework,
which can be used for computationally expensive models. Starting with a screening phase by using the input output scatter plot
method, then applying directly the variance-based method based on Sobol's decomposition of variance (quasi random numbers),
without passing through pseudo-random numbers, would reduce the computational burden of this process considerably.

It is worth noting that, even though advanced and powerful sensitivity analysis techniques are currently available, as demon-
strated in the latter part of this research, the computational overhead of performing them for analyzing a larger number of variables is
still high. Therefore, even though the runs are fully parallelizable, and the computation time decreases linearly with the increase of
computational resources, it is often practical to start the screening of the full number of variables with simpler sensitivity analysis
techniques (e.g. input output plots), and use the more powerful techniques for the reduced set of variables.

Finally, this procedure can lead to advanced emergency decisions and can guide emergency planners through the most effective,
efficient strategies and actions that should be taken into consideration to have a successful evacuation plan in case a disaster oc-
curred.

It is worth noting that there is nothing domain-specific about this methodology. Instead, it can be applied directly to any field or
application. It would be interesting to explore whether there are problem properties and characteristics that influence the perfor-
mance of this approach in different environments.

Future research could focus on the need to reserve a lane for emergency vehicles (fire trucks, ambulances, etc.) and the impact of
such a scenario on the total evacuation time in addition to many other strategies for more in-depth investigation of indoor parking
garages evacuation procedures. In addition, a larger set of input parameters could be used at the first screening step and different
sensitivity analysis techniques (e.g. meta models or sequential approaches) could be deployed to compare the results and compu-
tation time with the variance-based method, which relies on resource-intensive Monte Carlo experiments. Another way in which this
research can be extended is by considering not only the values of the parameters themselves, but also their inter-driver variability
(e.g. represented by the coefficient of variations of the model parameters). For example, Punzo and Ciuffo [39] have showed that this
variability plays an important role, and this is expected to be particularly relevant in evacuation situations, where drivers are likely to
have diverse reactions. Moreover, future research could incorporate technology tools (e.g. temperature and gas sensors, ultrasonic
sensors, rotatable cameras) that can interact with evacuees, provide real-time monitoring of the evacuation procedure and guidance
via smart phones and/or visible LED directions to accelerate the evacuation procedure and mitigate congestion [23,24].
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