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ABSTRACT 

We present a hybrid algorithm based on Genetic Algorithms and Discrete 

Event Simulation that computes the algorithmic-optimal location of 

emergency resources. Parameters for the algorithm were obtained from 

computed historical statistics of the Bogotá Emergency Medical Services. 

Considerations taken into account are: (1) no more than a single resource 

is sent to an incident, (2) resources are selected according to incident 
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priorities (3) distance from resource base to incident location is also 

considered for resource assignment and (4) all resources must be used 

equally. For every simulation, a different set of random incidents is 

generated so it’s possible to use the algorithm with an updated set of 

historical incidents. We found that the genetic algorithm converges so we 

can consider its solution as an optimal. With the algorithmic-optimal 

solution we found that arrival times are shorter than the historical ones. 

It’s also possible to compute the amount of required resources to reduce 

even more the arrival times. Since every Discrete Event Simulation takes 

a considerable amount of time the whole algorithm takes a heavy amount 

of time for large simulation time-periods and for many individuals for 

generation in the genetic algorithm, so an optimization approach is the 

next step in our research. Also, less restricted considerations must be 

taken into account for future developments in this topic. 
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Introduction 

Emergencies care is a very important activity in urban centers because security 

and health of inhabitants depends to a large degree on it. One of the measured 

factors in the quality of emergency services is the speed in which all incidents 

are attended. Some international recommendations for maximum arrival time 

were proposed  (Barrachina et al., 2014; Kim et al., 2017; Schluck, Wu, 

Whyte, & Abbott, 2018). Such recommendations are based on empirical 

knowledge. So, the goal of emergency services is to comply with proposed 

times and even improve on them. Emergency resources involve ambulances, 

fire trucks, patrols and others, so location of this mobile resources must be 
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the best in order to guarantee arrival times (Benatar & Ashcroft, 2017; 

Fiedrich, Gehbauer, & Rickers, 2000; Hawe, Coates, Wilson, & Crouch, 2015; 

Luscombe & Kozan, 2016; Pradhananga, Mutlu, Pokharel, Holguín-Veras, & 

Seth, 2016). 

Algorithm 

To simulate the emergency caring dynamics using an informatic system 

becomes a useful tool to validate several scenarios in lesser time. We 

understand a scenario as a resource distribution. Different discrete event 

simulations (Beck, 2008) were run to check different scenarios. This 

methodology allows us to represent the behavior of assignment, transit and 

release of emergency mobile resources via definition of time-discrete evolution 

rules. Moreover, assignment complexity is delegated to the simulation in the 

evolution rules. 

We precise an appropriate optimization tool as our purpose is to optimize 

arrival time by selecting the best possible scenario. As mentioned, arrival time 

problem can be seen as an optimization problem of emergency resources 

distribution. Therefore, we use genetic algorithms (Fogel et al., n.d.) because 

this technique considers the generation of new resource distributions from 

other simulated and evaluated distributions. The evaluation of the resource 

distributions is done with a fit function. Such function drives the convergence 

of the genetic algorithm. Criteria for the weighted fit function are: 

1. Average arrival time computed from the simulation. This has a weight of 

40%. 

2. Match between resource type and incident priority. This has a weight of 

20%. 

3. Proportion of resource usage. This is, no resource is used more than 

others. This has a weight of 20%. 
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4. Number of incidents that didn’t got an assigned resource. This has a 

weight of 20%. 

This function maps large values to configurations with large values in each 

criterion in order to discard resource distributions that are not suitable. So, 

best fitted distributions are mixed in every iteration of the genetic algorithm. 

This procedure guarantees the algorithm convergence. 

The algorithm can be described generaly like: 

1. Get statistics that are used as simulation parameters. 

2. Definition of generic parameters. 

a. Number of resources 

b. Start date of the discrete event simulations 

c. Final date of the discrete event simulations 

d. Simulation clock step size 

e. Number of individuals in each population (set of scenarios) for the 

genetic algorithm 

f. Number of iterations for the genetic algorithm 

g. Number of parents to mix in each new population 

3. Random generation of incidents for the different discrete event 

simulations using historical statistics as a base. Each incident has its 

location, time, type and priority. 

4. Random generation of the first resource distribution population. 

5. Genetic algorithm starts. 

6. Parallel discrete event simulations start. 

7. Simulation clocks start. 

8. At each simulation clock step: 

a. Incidents waiting for resource assignment are queued. 
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b. Execution of all arrival and release events for incidents that 

already have an assigned resource. 

c. Resource assignment to queued incidents by priority and distance. 

Each incident gets a single resource. 

d. All actions are logged within the simulation log. 

9. Simulation clocks end. 

10. Computation of fit values using simulation logs. 

11. Selection of parents (the ones with best fit values) to mix them 

and create the new population of resources distribution. 

12. Next genetic algorithm iteration starts. 

13. By the end of the genetic algorithm, the distribution with the best 

fit value is called the algorithmic optimal. 

Conclusions and comments 

The proposed hybrid algorithm answers to its purpose correctly. The amount 

of discrete event simulations executed in every genetic algorithm iteration 

becomes a negative factor in the overall execution time. So, the algorithm has 

room for improvement. 

On the other hand, the number of resources must be considered as a 

simulation variable. This involves an adjustment of the fit function to avoid 

that the number of resources exceeds limits. Such limites could be related to 

service financing. 

Is of interest to simulate environments were more than one resource are 

assigned to a single incident. There are real situations where such things 

happen (Huang & Fan, 2011). This implies the introduction of high impact 

incidents within the simulations. To accomplish this, occurrence probabilities 

for such events must be computed from historical data. 
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