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ABSTRACT 

Several works published in the medical and  operational research literature demonstrate the existence of a 
direct relationship between the response time of rescue units and the probability of the  survival  of vic-
tims involved in accidents. This work presents the development of a methodology integrating the discrete-
event simulation techniques and optimization procedures for medical emergency system analysis. The 
main components of the methodology are presented in detail and used for the evaluation of the emergency 
medical system of the city of Belo Horizonte in Brazil. 

1 INTRODUCTION 

1.1 Problem Formulation 

In Brazil the emergency medical system is known as SAMU, a Portuguese acronym for Urgency Medical 
Assistance Service. The service was established in 2003 by the Federal Government and is available 24 
hours a day. The service is executed by professionals of  health teams, such as doctors, nurses and assis-
tants. They attend several types of emergencies, including those of trauma, pediatric, surgical, gynecolog-
ical, obstetric and mental health emergencies (Timerman et al. 2006). The basic function of the system is 
to assist in an organized and fast way (using a minimum of resources) for all emergency events that re-
quire medical services. The service begins with the phone call communicating the event and finishes 
when the patients are assisted in the ambulance and either released or hospitalized. The service should use 
the most appropriate resources, such as ambulances and medical teams, to assist and transport the patients 
and to direct them to the most appropriate hospital (Takeda et al. 2001). 
 An emergency medical system can be seen as a system with a unique queue and multiple servers 
which is controlled by one central location. Moreover, the probability distribution of time service is a 
function of  the available ambulances from the moment the call arrives at the centre. In addition to this 
dependence, the time of service also depends on the location of each ambulance. These characteristics of 
the process makes the analytical modeling of this queuing system very difficult since the location of the 
servers and the space distribution of the incidents influence the time of travel, this being a significant 
component of the time of the service (Fitzsimmons 1971). 
 The Brazilian emergency medical system follows the French model, with previous assistance and 
whereby the victims are assisted in the place where the event occurred. In other words, the system is not 
only for the transport of the patients.   
 Many authors provide information about the existence of a direct relationship between the waiting 
time for the service and the probability of the victims' survival. Cummings (1989) affirms that for patients 
with cardiac arrest, every minute of delay in the rescue reduces the chance of survival to 7-10%. Cum-
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mins et al. (1985) also observed that if the procedure of cardiopulmonary resuscitation is made within 5 
minutes from the instant of the cardiac arrest and the defibrillation process within 10 minutes, the survival 
percentage for admissions to the hospital is 30%, but otherwise decreases to less than 7%.   

1.2 Literature Review 

Brailsford (2007) has affirmed that simulation models for health studies can be classified into three 
groups. The first one constitutes models of the human body that represent biological processes; the second 
group is one of models whose focus is modeling patient flows in the system to analyze, for example, the 
bottlenecks of the system; the last one is that of strategic models where the objective is to analyze the 
strategic planning of the organization such as the configuration of the service system, analyzing the pro-
jections regarding the number of patients in the system, etc. 
 Nowadays, the changes in the health services around the world has compelled managers to use new 
tools in the planning and evaluation of processes in order to improve the quality level of the systems. In 
addition to the pressure to deliver services of better quality using restricted resources, the growing use of 
quantitative measures to monitor and manage the medical services has been implicated in the need for a 
better understanding of the results that occur when one service has changed before its implementation 
(Eldabi and Young 2007). 
 The first efforts to apply the concepts of simulation in healthcare date back to the 60�s with the work 
of Fetter and Thompson (1966) to develop models to solve problems relating to the scheduling of ap-
pointments for patients. The authors were able to identify important variables in evaluating the use of the 
medical team, such as the rate of the arrival of patients, early or late arrivals, delays, scheduling intervals 
and stops due to the shift change of doctors.  
 The problem in analyzing the emergency services can be approached in different ways, e.g. the 
queuing theory (Singer and Donoso 2008), the location of bases (Toregas et al. 1971), the design of spe-
cific areas of coverage (Chuck and ReVelle 1974) , simulation (Shih and Su 2003) and the hypercube 
model (Oliveira Gonçalves 2004), among others.  
 An early application of simulation techniques for modeling and the analysis of emergency medical 
services was developed in the 70�s by Fitzsimmons (1971). A simulation model was implemented using 
the SIMSCRIPT language. The model assisted the managers of health systems in the evaluation of the ex-
isting emergency medical services or services in the planning stages. 
 Shih and Su (2003) also developed a model of discrete event simulation to evaluate the emergency 
medical services in the city of Taipei, Taiwan. The study focused on 23 hospitals which qualified for 
emergency care and 36 service centers. The service, at the time of the study, worked in conjunction with 
the fire department providing basic medical care (in the case of less serious incidents) by sending a basic 
care unit. The model was able to identify and propose improvements which resulted in a 50% reduction in 
the delay time between the arrival of an incoming call and the dispatch of an ambulance, and decreased to 
less than 1% the probability of patients waiting to be rescued. Different policies for operating an emer-
gency medical system can be evaluated through simulation techniques. Koch and Weigl (2003) presented 
a model based on discrete event simulation to study the logistics of transporting the rescue service of the 
Red Cross in Austria, comparing the policies of centralization and decentralization of the rescue units. 
The network traffic representative of the model was implemented in SIMAN due to the possibility of us-
ing graph algorithms integrated with the language to solve the shortest path problems. The results showed 
that there is potential for reducing the waiting time for patients and the distance travelled if the operation-
al system  is centralized. An interesting approach to emergency systems analysis is the combination of fa-
cility location models and simulation techniques for the analysis of the solutions generated. Aringhieri, 
Carello, and Morale (2007) developed an integer linear programming model for locating medical care 
units in Milan, Italy and a simulation framework for testing solutions. The ambulance redeployment prob-
lem was modeled by Maxwell, Henderson and Topaloglu (2009). In this case the problem was modeled as 
a Markov decision process in order to evaluate the performance of  the allocation policies. A simulation 
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model and a dynamic programming work were also integrated to compute high-quality redeployment pol-
icies for Edmonton, Alberta. 

2 ASSUMPTIONS AND MODEL FORMULATION 

2.1 Simulation Model 

For modeling, all the system processes for historical data were used (1,734,416 calls), these being the ba-
sis for an estimation of the parameters of the model.  

2.1.1 Calls Arrival 

The calls come from all the city areas according to a Poisson process and are received  in the control cen-
ter, hereafter referred to as �Central�, according to a FIFO rule. In order to model the spatial distribution 
of calls, the city was divided into regions and historical data was used to determine the behavior of the 
calls in each region. To determine the coordinates of the incidents, the city was mapped using the UTM 
(Universal Transverse Mercator) system coordinates. The UTM coordinates were also used to determine 
the exact location of the bases and service centers considered by the system and to make the calculation of 
travel time easier, based on the Euclidean distance between two points. The contour of each region was 
approximated using a polygon which matched with the limits of the region. Here, the coordinates of the 
incident were randomly distributed in each region and a procedure was developed to sample the spatial 
origin of each call. 

2.1.2 Central Processes 

In the real system, when the call makes evident the need to send an ambulance, a variety of information is 
collected and then the call is transferred to the doctors of the Central, who decide whether or not to send 
an ambulance. If the doctor decides that it is not necessary to send an ambulance, the call is finished. Oth-
erwise, the call is moved to the dispatch sector, which chooses which ambulance will be sent to the place 
of the event. Therefore, the service in the Central is characterized by three main activities: i) the initial se-
lection of calls by attendants to define its nature and eliminate joke calls, wrong calls and information 
calls; ii) medical analysis by the regulator doctor in order to decide if it is necessary to send an ambul-
ance; iii) the dispatch process that chooses the ambulance and sends it to the place of event. The process 
begins when a call arrives in the call center and is received by one of the available attendants. After gene-
rating the call, the system determines its attributes using the historical data. These attributes concern: i) 
the origin of the call (UTM coordinates); ii) the medical nature of the call (general, trauma, gynecologi-
cal, obstetric or psychiatric); iii) medical decisions (whether or not to send an ambulance).   

2.1.3 Ambulance Dispatch Policy 

The Brazilian emergency medical services work with two major types of ambulances: basic units (basic 
life support - BLS) and advanced units (advanced life support - ALS). The former are used in simpler 
events or to support an advanced unit, and the team consists of a rescuer driver and nursing assistant. Ad-
vanced units are only engaged in more complicated and serious cases, and their teams have a rescuer 
driver, a nurse and a doctor. The choice of what type of ambulance must be sent is made exclusively by 
the doctor on call at the Central. Once at the event site, the team sends new information to the Central and 
the doctor on call can send an advanced unit if necessary. In major Brazilian cities the emergency medical 
system operates in a decentralized way, composed of several bases located throughout the city with a cer-
tain number of ambulances in each one and a Central for receiving and dispatching calls. The choice of 
which ambulance will be dispatched is a fundamental process for reducing the response time of the sys-
tem, this being influenced by several factors, including proximity and availability. Any representative 
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computing implementation of the emergency medical services must consider for all the time spent in var-
ious care processes in order to ensure that the unit allocated to a call is the one that actually will arrive 
first on the scene. In order to lead this implementation, a control array can be used to store in their cells 
all information relevant to the process of choosing the ambulance to be dispatched. Such information is 
stored for each ambulance and concerns the following: 
 

� the time that the ambulance will be available; 
� coordinates of the place where the ambulance will be available; 
� the number of calls waiting for the ambulance; 
� the type of ambulance. 

 
 To determine the travel time, a very simple approach widely used in the analysis of transport services 
and routing problems is the use of Euclidean distance, weighted by a correction factor, and taking into ac-
count specific features of the locality being studied, such as the traffic intensity and the configuration of 
the streets net (large avenues, intersections, one-way roads, etc.). The Euclidean distance between two 
points � �AA yxA ,:  and � �BB yxB ,:  is given by: 

        � � � �22
BABA yyxxD ����                  (1) 

 
This distance, in most real applications of transport, is a useful abstraction for the calculations and struc-
ture of the models. The reason for this is its simplicity for analytical representation and its unique charac-
teristic. By using corrective coefficients, it is possible to make a mathematical relationship between the 
actual and Euclidian distances, thereby allowing a more realistic treatment of the applications (Novaes 
1989). 
 According to Novaes (1989), in the case of an urban environment, there are several factors that affect 
the distance travelled, since the existence of one-way routes can increase the travel time. There are also 
restrictions on the crossroads of major avenues, requiring the vehicle to find a way to allow the crossing. 
The calculation of the travel time of the ambulance Td  must take into account the Euclidean distance 
weighted by the correction factor and the average speed of the ambulance, according to relationship (2): 
 
                          Td = D * F / V             (2) 
 
where D is the Euclidean distance, F is the correction coefficient and V is the average speed. 
 The calculation of the average speed of an ambulance is influenced by the intensity of traffic. This in-
tensity is variable and time-dependent, resulting in an average value for each time range of the day. Once 
triggered, the system samples a priori the service time and the UTM coordinates where the ambulance 
will be available. After the service completion, the system determines, if any material replacement and 
ambulance maintenance is necessary based on historical data.  
 Hence, when a new call arrives, the release times for each ambulance will all be updated, even if an 
ambulance is in attendance. When the service is finished, the system checks to see if there is a waiting 
call, to decide its destination. If there is no call, the ambulance returns to the home base and updates the 
time and the coordinates of release. Initially, the dispatch procedure checks to see if there is a required 
type of ambulance. Then the choice of a specific ambulance is based on a lower response time. If the re-
lease time of the ambulance is greater than the current simulation time, this means the ambulance is in 
service. The time elapse between a call and the arrival of the ambulance is the response time, this being 
calculated by (3): 
 
                            T = Tr � Tc + Td             (3) 
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where T is the response time, Tr is the release time and Tc is the current simulation time. (Tr � Tc) is the 
waiting time until the ambulance is available and Td is the travel time between the place of release and the 
event site. If Tr < Tc the ambulance is already available and the response time is Td. The response time for 
each ambulance is stored in an ascending order and the first position informs which ambulance must be 
dispatched. This procedure is made for basic and advanced ambulances and the choice takes into account 
the type of ambulance required. 

2.1.4 Service at Local Site 

After dispatching the required ambulance, the team must be informed by radio or telephone about the lo-
cation of the event and during the journey, complementary information about the event is sent to the team. 
In real systems, the best route can be chosen using a Global Positioning System (GPS) in order to elimi-
nate the problems caused by an ���	
������������lack of knowledge of a region. The arrival at the site 
does not always mean accessing the victim. Campbell et al. (1993) presented a study to determine the 
time between the arrival of the ambulance at the site and the �����
�������moment of contact with the 
patient, additionally identifying the major factors that affect the displacement of the team during this time 
interval. When victims are trapped in wreckage or under building structures, it is necessary to have a res-
cue team that works efficiently and which is integrated with the healthcare team, in order to facilitate 
access to the victim; the service can be realised fully or partially in the local site and then the victim is 
moved to the ambulance. This time depends on the complexity of the situation, and involves factors such 
as the condition of the victim, the qualifications of the medical team, the team size, environmental condi-
tions and service rules. In standard emergencies, there is usually only a single victim, but in trauma emer-
gencies, especially in car crashes, this number may be higher. The same team can help two or more vic-
tims, before the arrival of another team but this situation may increase the time on site. The system should 
therefore evaluate this time as part of the day-to-day work. However, the time spent in the handling of the 
victim must be carefully analyzed for use as an efficiency factor. 

2.1.5 The Choice of the Destination Hospital 

In a well organized system, victims are removed to referral hospitals according to a predetermined sche-
dule. Therefore, when Central reports that a victim is being transferred, the reception tends to work faster. 
In more severe cases, however, the victim may be referred to a service center, bearing in mind factors 
such as the proximity and nature of the event. In Brazilian cities, the emergency medical system works 
with Emergency Care Units for standard cases, with hospitals for serious medical trauma, obstetric and 
gynecological cases and with Mental Health Reference Centers for psychiatric cases. The problems aris-
ing from a lack of knowledge concerning the expertise of the physicians available in each hospital at 
every shift makes the choice of hospital more complex. Moreover, the choice of the center is always made 
by the doctor in the Central, not by the team that is performing the service. 

2.1.6 Materials Replacement 

The ambulance only works if all the materials are properly packaged and sanitized. The mean time be-
tween  the materials� replacement in the emergency medical system of Belo Horizonte is 24 hours for ba-
sic ambulances and 12 hours for advanced units. In Belo Horizonte, the replacement is always carried out 
in the Central. The model estimates the moment of materials� replacement for each ambulance and simu-
lates their stoppages to perform this task. 

2.1.7 Performance Parameters 

The response time is an appropriate performance measure to evaluate the accessibility of emergency med-
ical services (Hong and Ghani 2006). Another parameter commonly used to analyze the performance of 
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the emergency services is the percentage of calls with service times below a predetermined time. Accord-
ing to Ball and Lin (1993), U.S. regulations for emergency medical services require that 95% of the re-
quests in an urban area must be served in less than 10 minutes, and in less than 30 minutes for rural areas.  

2.2 Optimization Model 

2.2.1 Simulation Optimization

Optimization for simulation focuses on the use of two techniques to improve the system analysis; the use 
of simulation to estimate the performance of a system usually requires a high computational time, and de-
termining the optimal configuration is a very difficult problem to handle because of the need to evaluate 
the system performance for different configurations. 
 With the optimization for simulation problem, the objective function or constraints or both are res-
ponses that can only be evaluated by computer simulation, because these functions are only implicit func-
tions of the decision parameters of the system and have a stochastic nature (Azadivar 1992). 

2.2.2 Model Formulation 

We considered the monthly costs of the operation of  basic or advanced ambulances. The first step was to 
determine which bases should be used and how many units should exist in each base. Depending on the 
allowable ranges for each variable of the problem, the number of scenarios can be extremely high, making 
necessary the use of a heuristic solution. Here, the average response times must be calculated separately 
for each type of unit. This is done to prevent the optimizer from underestimating the number of advanced 
units (these being more expensive) to reduce the value of the objective function. Furthermore, this model 
allows the response criteria to be different for each type of ambulance, rendering the system more flexi-
ble. The optimization problem can be formulated as follows (Fu, 2002): 

 
        � �� 	
��

�
,)( CEJMin �

�
                              (4) 

 
where � represents the vector of input variables, which in this case would be the set of bases for the allo-
cation and quantity of each type of ambulance in each base; )(�J  represents the objective function; 

 represents the replication; � �
� ,C  denotes the sample performance measure (in this case, the total 
cost); and � �� 	
� ,CE  is the expected value of � �
� ,C . The constraints are: 
 
         � � aa RTR �
� ,               (5) 
         � � bb RTR �
� ,               (6) 
         � � NALSN a

i �
� ,   i�            (7) 

             � � NBLSN b
i �
� ,        i�            (8) 

where � �
� ,aR  and � �
� ,bR  are the response times for the sample � in replication 
  for advanced 
and basic units respectively; � �
� ,a

iN  and � �
� ,b
iN  are the quantity of advanced and basic units allo-

cated in each base i at the sample  � and replication 
 ;  aRT  and  bRT  are the upper response times of 
the advanced and basic units; NALS and NBLS are the upper bounds for the total units in each base (ad-
vanced and basic). To solve the problem, an optimizer and a simulator must work together; the optimizer 
uses metaheuristics to seek the candidate solutions while the simulator evaluates the performance of each 
one. 

2427



Silva and Pinto 
 

3 THE CASE OF THE EMERGENCY MEDICAL SYSTEM OF BELO HORIZONTE 
Belo Horizonte has a total area of 330.954 km ² and a population of approximately 2,500,000 inhabitants. 
The city is divided into nine regions. The emergency medical system operates 24 hours a day and is oper-
ated by one Central and nineteen auxiliary bases throughout the city. The quantity of ambulances in each 
base are fixed. Altogether there are 23 ambulances (17 basic units (BLS), 5 advanced units (ALS) and one 
unit for psychiatric care). The spatial distribution of these units can be seen in Figure 1. 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1: Spatial distribution of the bases and health centers of Belo Horizonte 
 

Calls are received at the main base (base 5); nowadays, there are 14 workers in this base (6 phone opera-
tors, 5 doctors and 3 dispatchers). The system works with 8 Emergency Care Units (UPA), 6 hospitals 
and 8 Mental Health Care Centers (CERSAM). The location of these centers and hospitals are shown in 
Figure 1.  

3.1 Parameters of the model 

The analysis of historical data used a database containing 1,734,416 calls which were made between Oc-
tober 2006 and August 2009. The duration of each activity of the system was estimated from data col-
lected directly from the Central. The samples were collected on particular days of the week and at particu-
lar hours throughout the day. Due to the lack of data, two activities (material replacement and patient 
hospitalization) had a service time estimate based on the perception of the officials involved and the few 
time samples collected. 
 The average speeds were 25 Km/h between 7:00am � 9:00pm, and 50 km/h between 9:00pm � 
7:00am. The coefficient of the correction of Euclidean distance in Belo Horizonte was estimated at 1.366.   
For verification of the developed model, we used the technique of modular implementation, where each 
part of the model is implemented and then run separately. For each module, the response variables were 
analyzed in order to test their consistency with the model behavior. Users of the system also forced the 
occurrence of unlikely events and occurrences that cause unusual decisions in the dispatch of ambulances, 
such as the arrival of a call that requires an advanced unit, but whose available unit closest to the incident 
is basic. 
 The validation process, from the initial design stages of the project until its completion, was con-
ducted with the direct involvement of system managers. The conceptual modeling of the whole system 
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and all the simplifications adopted for its computational implementation were discussed previously with 
the managers. The definition of variables that would be used to analyze the system performance and de-
termine which scenarios would be evaluated were also discussed directly with the doctor in charge of the 
system�� operation. Here, the model was implemented in Arena (Rockwell Software). 
 Data concerning the system�� performance, such as the elapsed time between the arrival of the call 
and the dispatch of ambulance, travel times and the service time at the incident site, were collected direct-
ly in the system because such data was not available in the database. The developers of the system col-
lected about 100 pieces of data for each of these measures on particular days and hours of the week. The 
results are shown in Tables 1 and 2.   
 
     Table 1: Waiting time and total time validation                  Table 2: Number of dispatched units 
 

 

3.2 Scenarios Analysis and Results 
The first scenario evaluates the performance of the system when the demand for services is increased 
(Figure 2). Here, the demand is directly related to several factors: population size, knowledge and 
people's access to emergency medical services, the scope of the service, accident reduction policies, etc.  
The average response time also increases slightly to a 20% increase in demand for services. From this 
point, it will begin to grow in a more pronounced manner. If demand increases by 30%, the average re-
sponse time will increase by more than 17 minutes. However, if demand increases by 40%, the increase in 
the response time will be more than twice the current value. The average waiting time to answer calls is 
more than twice the current value, with a 20% increase in demand. However for a 40% increase, this time 
has an average value of almost 30 minutes, which is totally incompatible with the desirable performance 
for this type of system. The size of the queue refers to the amount of calls that are waiting for the dispatch 
of an ambulance. This variable can be a good indicator of the relationship between the performance of 
operations within the Central and external operations. The scenario of a 30% increase in demand, indi-
cates an average queue size of 4.09 and represents a congested system that does not work satisfactorily. 
The maximum size of the waiting queue was used to improve the understanding of the behavior of the 
system; the system may have an acceptable middle value for the size of the waiting queue, but has a value 
at peak times that is very large and unacceptable for a satisfactory operation of the system. 
 Another scenario was used to analyze the number of ambulances needed at each base so that the re-
sponse time was less than 18 minutes for the basic units and less than 15 minutes for the advanced units. 
This analysis requires the use of optimization for simulation. The optimization model was therefore im-
plemented using OptQuest for Arena (OptTek Systems). The solution was 20 basic units and 8 advanced 
units (with a current value of 17 basic units and 5 advanced units); here the response time was 17.97 and 
14.77 minutes respectively. 
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Figure 2: Impact of demand growth in the system�� performance 

2430



Silva and Pinto 
 

4 CONCLUSION  
The emergency medical services have a high randomness associated with the duration of the tasks that are 
part of the system�� routine. In addition, many tasks do not have clear rules and depend on the people who 
are performing the task. However, the discrete event simulation is a useful tool for an analysis of these 
systems, and it is possible to develop models that are able to represent satisfactorily all the phenomena 
that are part of all the activities of the system. These models make possible the analysis of future scena-
rios with a statistically acceptable reliability, as was achieved with the model developed for the city of 
Belo Horizonte, assessing scenarios of increased demand and others to reduce the response time. There-
fore, the combined use of optimization techniques and simulation improves the search for optimal settings 
for the system, allowing the simulation and analysis of a large number of alternatives. 
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